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Abstract
Machine Learning has made remarkable progress
in a wide range of fields. In many scenarios, learn-
ing is performed on datasets involving sensitive
information, in which privacy protection is essen-
tial for learning algorithms. In this work, we study
pure private learning in the agnostic model – a
framework reflecting the learning process in prac-
tice. We examine the number of users required
under item-level (where each user contributes one
example) and user-level (where each user con-
tributes multiple examples) privacy and derive
several improved upper bounds. For item-level
privacy, our algorithm achieves a near optimal
bound for general concept classes. We extend this
to the user-level setting, rendering a tighter upper
bound than the one proved by Ghazi et al. (2023).
Lastly, we consider the problem of learning thresh-
olds under user-level privacy and present an algo-
rithm with a nearly tight user complexity.

1. Introduction
Differential Privacy (DP) (Dwork et al., 2006b;a) is a math-
ematical definition for measuring the privacy of algorithms.
An algorithm is considered private if the presence or ab-
sence of a single user does not significantly affect the output.
Due to its soundness and quantifiability, DP has become
the gold standard for ensuring data privacy and has been
employed by the industry (Apple Differential Privacy Team,
2017) and the governments (Abowd, 2018).

Machine learning models are usually trained on datasets that
contain sensitive data (e.g., in medical or financial applica-
tions). Thus, it is necessary to design privacy-preserving
machine learning algorithms. Kasiviswanathan et al. (2011)
initiated the study of private learning and defined private
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PAC learning as a combination of probably approximately
correct (PAC) learning (Valiant, 1984) and differential pri-
vacy. The most important measure for the utility of a learner
is the minimum amount of data required to find a hypothe-
sis that achieves some target accuracy, which is called the
sample complexity. Subsequent work (e.g., (Feldman &
Xiao, 2014; Alon et al., 2019)) showed that the privacy con-
straint makes the sample complexity much higher than the
non-private setting.

The PAC model assumes that all the samples are labeled
by a concept in the given concept class. This is called the
realizable assumption. However, in many situations, such an
assumption could be unrealistic. For example, the collected
data may be noisy, or one may choose an inappropriate
concept class that cannot classify the samples perfectly. The
agnostic learning model, introduced by Haussler (1992)
and Kearns et al. (1994), addresses this issue by requiring
the learner to output a hypothesis within some additive error
compared to the best one in the concept class. Motivated
by this, Kasiviswanathan et al. (2011) also defined private
agnostic learning with the agnostic model replacing the PAC
model in private PAC learning.

For pure private realizable learning, tight sample complexity
bounds were shown by Beimel et al. (2019). However, for
agnostic learning, there were no such tight results. Though
several algorithms were proposed (Kasiviswanathan et al.,
2011; Beimel et al., 2015; Alon et al., 2020), none of them
achieve a sample complexity that matches the trivial lower
bound, i.e., the one combines lower bounds of private real-
izable learning and non-private agnostic learning. On the
other hand, there have been no non-trivial lower bounds
obtained in the literature. Thus, a gap exists, leading to the
following question:

What is the sample complexity of pure private
agnostic learning?

What we have discussed so far only considers the situation
in that each user contributes one example, which we refer
to as item-level DP. In practice, however, one user may
have many items (e.g., in federated learning (Kairouz et al.,
2021)). Here, the goal becomes protecting all the examples
contributed by a single user. In this user-level DP setting,
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we are more interested in the user complexity of learning
algorithms, i.e., the number of users needed to achieve the
target accuracy.

User-level pure private PAC learning was first studied
by Ghazi et al. (2021b), who showed that compared to
the item-level setting, one could learn with fewer users if
each user contributes sufficiently many examples. The work
of Ghazi et al. (2023) further tightly determines the user
complexity as a function of the number of examples per user.
They also proved upper and lower bounds for the agnostic
model. However, like the item-level setting, there is a gap
between the upper and lower bounds. Thus, it is natural to
ask:

Can we obtain tighter bounds on the user com-
plexity of pure private agnostic learning?

1.1. Our Results

In this work, we study the problem of agnostic learning with
pure differential privacy. We list our results as follows. The
formal definitions of our notions can be found in Section 2.

Item-Level DP. We show that every concept class C can
be learned up to excess error α by an ε-differentially private
algorithm using Õ

(
RepD(C)

αε + VC(C)
α2

)
samples. Compared

with private realizable learning (Beimel et al., 2019), our
result only incurs an additive term of Õ

(
VC(C)
α2

)
, which

is known to be tight up to polylogarithmic factors even
for non-private agnostic learning. In contrast, previous re-
sults (Kasiviswanathan et al., 2011; Beimel et al., 2019;
Alon et al., 2020) incur higher sample complexity than ours.

User-Level DP. We provide a generic learner that agnosti-
cally learns any C using Õ

(
RepD(C)

ε + RepD(C)√
mαε

+ VC(C)
mα2

)
users, where each user holds m examples. This improves
the previous result of Ghazi et al. (2023), wherein the third
term is Õ

(
RepD(C)

mα2

)
. As indicated by their lower bound,

the third term in our upper bound is optimal while a gap still
exists regarding the second term.

Thresholds with User-Level DP. For the case that C is
the class of thresholds over some domain X , we prove that
the user complexity upper bound can be further improved to
Õ
(

log |X |
ε + log |X |

mαε + 1√
mαε

+ 1
mα2

)
, matching the lower

bound proved by Ghazi et al. (2023)1.

1In their work, they claimed that their algorithm can achieve
this complexity for thresholds. We have confirmed with them that
the claim made a mistake – their algorithm still has a user com-
plexity of Õ

(
log |X|

ε
+ log |X|√

mαε
+ 1

mα2

)
, which is not optimal.

The improvement made by our results is significant in the
high-accuracy regime. To see this, fix m, ε and let α→ 0.
Our upper bound is dominated by Õ

(
VC(C)
mα2

)
, which even

matches the cost of non-private agnostic learning (includ-
ing the item-level setting, where m = 1). In other words,
privacy is free – the privacy constraint can be satisfied with
the same number of users. In comparison, the number of
users required by the algorithm of Ghazi et al. (2023) is
Õ
(

RepD(C)
mα2

)
, which can be much larger than ours as sug-

gested by the results of Feldman & Xiao (2014).

We summarize the previous and new bounds in Table 1.

1.2. Technical Overview

We now provide a rough overview of our proofs.

Item-Level DP. We start by describing the algorithm pro-
posed by Beimel et al. (2019). Their algorithm first samples
a hypothesis class H with log |H| = Õ (RepD(C)). Then,
it applies the exponential mechanism, with the score func-
tion being the empirical error. By the utility property of the
exponential mechanism, it returns some hypothesis with a
small empirical error. To ensure that the generalization error
of the output hypothesis is also small, we have to prove
agnostic generalization forH. This requires Õ

(
RepD(C)

α2

)
samples, which is higher than our goal.

To reduce the sample complexity, we construct a surrogate
error as the score function. Consider a hypothesis h ∈ H.
Note that by triangle inequality, for any concept c, the error
of h is no more than the error of c plus the disagreement
between c and h. Thus, by taking a minimum over c ∈ C,
we get an upper bound on the error of h. This quantity is the
surrogate error of h. We then use the empirical surrogate
error as the score function of h.

The exponential mechanism finds a hypothesis h0 with a
low empirical surrogate error. By our construction, we can
prove that there exists some c0 s.t. both the empirical error
of c0 and the empirical disagreement between c0 and h0 are
small. To ensure they are also small on the distribution, we
need to show agnostic generalization for C and realizable
generalization for C × H. The former needs Õ

(
VC(C)
α2

)
samples, reducing the RepD(C) factor to VC(C). The latter
can be satisfied by Õ

(
RepD(C)

α

)
samples, saving a 1/α

multiplicaive factor. We thus achieve our goal.

User-Level DP. We extend our item-level algorithm to the
user-level. The high-level idea relies on a key observation
from Adell & Jodrá (2006); Liu et al. (2020), which states
that the total variation distance between two binomial distri-
butions Bin(m, p) and Bin(m, q) scales as

√
m|p− q|. We

define a notion called user-level error and use the observa-
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Table 1. Summary of our results and previous results. For user-level DP, we assume m ≤ 1/α2 for simplicity, since as shown by Ghazi
et al. (2023), increasing m won’t make the user complexity decrease when m > 1/α2.

Concept Class DP Lower Bound Previous Upper Bound Our Upper Bound

Arbitrary C Item
Ω̃
(

RepD(C)
αε

+ VC(C)
α2

)
(Simon, 1996)

and (Beimel et al., 2019)

Õ
(

RepD(C)
αε

+ RepD(C)
α2

)
(Beimel et al., 2019)

or Õ
(

RepD(C)
αε

+ VC(C)
α2ε

)
(Alon et al., 2020)

Õ
(

RepD(C)
αε

+ VC(C)
α2

)
(Theorem 3.4)

Arbitrary C User Ω̃
(

RepD(C)
min(1,mα)ε

+ VC(C)√
mαε

+ VC(C)
mα2

)
(Ghazi et al., 2023)

Õ
(

RepD(C)√
mαε

+ RepD(C)
mα2

)
(Ghazi et al., 2023)

Õ
(

RepD(C)√
mαε

+ VC(C)
mα2

)
(Theorem 4.6)

Thresholds
over X User Ω̃

(
log |X|

min(1,mα)ε
+ 1√

mαε
+ 1

mα2

)
(Ghazi et al., 2023)

Õ
(

log |X|√
mαε

+ 1
mα2

)
(Ghazi et al., 2023)

Õ
(

log |X|
min(1,mα)ε

+ 1√
mαε

+ 1
mα2

)
(Theorem 5.2)

tion to show that the user-level error amplifies the item-level
error by

√
m when there are m examples per user. That is,

suppose hypothesis h has an additive error of α worse than
the best concept in C, its user-level error must be larger than
the best by Ω(

√
mα).

Thus, we can then apply our item-level algorithm with the
item-level error replaced by the user-level error. For a target
error α, we only have to find a hypothesis with a user-
level error of O(

√
mα). This explains why fewer users are

required in the user-level setting.

There are other technical issues in directly applying the
item-level algorithm, such as user-level generalization lem-
mata and estimation of the minimum error. We develop
some techniques to handle these. The details of these are
presented in Section 4.

Thresholds with User-Level DP. Our algorithm for learn-
ing thresholds employs binary search. We start with the
entire domain. In each iteration, we select the median w.r.t.
the distribution of points in the current interval to split it into
two parts. We add Laplace noise to the minimum user-level
error of thresholds in each part and choose the one with
a smaller error to continue. After O(log(1/α)) iterations,
we will reach an interval with density at most O(α). By
our user-level error results and the utility guarantee of the
Laplace mechanism, Õ

(
1√
mαε

)
users are sufficient for any

threshold in the final interval to have an additive error of α.

To select the median, we exploit an observation that the
user-level setting amplifies the density by m. We use this
to design an algorithm that approximates the median with a
user complexity of Õ

(
log |X |
mαε

)
, which matches our target.

1.3. Related Work

As the initial work of private learning, Kasiviswanathan
et al. (2011) defined the notion of private learning and gave

algorithms for finite concept classes. Beimel et al. (2014)
showed that properly learning point functions under pure
DP requires much more samples than non-private learning,
indicating that the structure of learning becomes very dif-
ferent under the privacy restrictions. They also proposed
the idea of representation to devise algorithms for pure pri-
vate improper learning. This idea was further developed by
the work of Beimel et al. (2019), which defined the notion
of probabilistic representation dimension and showed that
it characterizes the sample complexity of (improper) pure
private learners. Feldman & Xiao (2014) showed an equiv-
alence between the representation dimension and the com-
munication complexity of the evaluation problem and used
this relation to separate the sample complexity of pure pri-
vate learning from non-private learning. For agnostic learn-
ing, Beimel et al. (2015) proposed a realizable-to-agnostic
transformation that works for proper learners. Based on
this result, Alon et al. (2020) proposed a more general one,
which works for improper learners.

Though this work only considers pure DP, it is worth men-
tioning that there were also a great number of results on
learning under approximate DP. It is a relaxed notion of
pure DP that allows privacy to be violated with a negli-
gible probability of δ. The most remarkable result is the
equivalence between approximate private learning and (non-
private) online learning (Alon et al., 2019; Bun et al., 2020;
Ghazi et al., 2021a; Alon et al., 2022), which demonstrates
a strong connection between these two tasks.

The study of user-level private learning PAC learnable
classes was initiated by Ghazi et al. (2021b). They showed
that for both pure and approximate DP, if each user con-
tributes sufficiently many examples, the learning task can
be done with much fewer users than in the item-level DP
setting. Ghazi et al. (2023) improved this result by repre-
senting the user complexity as a function of the number
of samples per user. For pure DP, they showed the exact
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user complexity of private PAC learning and established
non-trivial upper and lower bounds for agnostic learning.
For approximate DP, they proposed a general transforma-
tion that can convert any item-level DP algorithm for any
statistical tasks (including but not limited to learning) to a
user-level one and yield a multiplicative saving of

√
m on

the number of users.

2. Preliminaries
Notation. We use Õ, Ω̃ and Θ̃ to hide polylog(1/α, 1/β)
factors. Throughout the paper, we use m to denote the
number of samples per user. The item-level setting refers to
the case that m = 1.

We first recall the notion of DP. A dataset can be represented
as z = (z1,1, . . . , z1,m, z2,1, . . . , zn,m) ∈ Znm, where
zi = (zi,1, . . . , zi,m) is the set of samples contributed by
the i-th user. Two datasets are neighboring if one can be
obtained from the other by adding or removing a single user.

Definition 2.1 (Differential Privacy (Dwork et al., 2006b;a)).
A randomized algorithm A is ε-differentially private if for
any neighboring datasets z and z′, and any subset O of
outputs, it holds that Pr[A(z) ∈ O] ≤ eε Pr[A(z′) ∈ O].

2.1. Learning

Let X be an arbitrary domain2 and Z = X × {0, 1} be the
domain of data samples. A concept c : X → {0, 1} is a
function that labels each (unlabeled) sample taken from X
by either 0 or 1. A concept class C is a set of concepts over
X . The VC dimension of C is denoted by VC(C). We use
D to denote a distribution over Z , and DX to denote its
marginal distribution over X .

In this work, we focus on the agnostic learning model (Haus-
sler, 1992; Kearns et al., 1994), where the data distribution
can be arbitrary, and the goal of the learning algorithm is to
produce a hypothesis whose generalization error is close to
the best possible (by concepts in C). The generalization error
of a hypothesis h : X → {0, 1}with respect to a distribution
D over Z is defined as errD(h) = Pr(x,y)∼D[h(x) ̸= y].

Definition 2.2 (Agnostic Learning). We say a learning al-
gorithm A is an (α, β)-agnostic learner for concept class C
if for any distribution D on X × {0, 1}, it takes in a dataset
z, where each zi,j is drawn i.i.d. from D, and outputs a
hypothesis h such that

errD(h) ≤ inf
c∈C

errD(c) + α

with probability at least 1− β. The probability is over the
random choice of the samples and the coin tosses of A.

2We assume X is countable to avoid making technical measur-
ability assumptions.

In the standard PAC learning model (Valiant, 1984), it is
assumed that there is some c ∈ C s.t. errD(c) = 0. We
call this realizable learning. Another way to describe the
goal of realizable learning is finding a hypothesis h with
small generalization disagreement between h and c overDX ,
which is defined as disDX (c, h) = Prx∼DX [c(x) ̸= h(x)].
The notion of disagreement plays a crucial role in our proofs.

2.2. Probabilistic Representation Dimension

The probabilistic representation dimension is a combinato-
rial parameter introduced by Beimel et al. (2019) to char-
acterize the sample complexity of pure private realizable
learner. Let P be a distribution on hypothesis classes. De-
fine the size of P to be size(P) = maxH∈supp(P) ln |H|.
Definition 2.3 (Probabilistic Representation Dimension). A
distribution P on hypothesis classes is said to be an (α, β)-
probabilistic representation of a concept class C if for any
c ∈ C and any distribution DX on X , with probability 1−β
over H ∼ P , there exists h ∈ H such that disDX (c, h) ≤
α. The (α, β)-probabilistic representation dimension of a
concept class C is defined as

RepDα,β(C) = min
P is an (α,β)-probabilistic representation of C

size(P).

Moreover, the probabilistic representation dimension of C
is defined by taking α = β = 1/4:

RepD(C) = RepD1/4,1/4(C).

The following lemma (Beimel et al., 2019) shows that a
probabilistic representation with arbitrary α and β can be
constructed from one with α = β = 1/4.

Lemma 2.4 (Boosting Probabilistic Representation). For
any concept class C, we have RepDα,β(C) = O(log(1/α) ·
(RepD(C) + log log log(1/α) + log log(1/β))) for 0 <
α, β < 1.

2.3. Tools from Differential Privacy

We introduce some useful tools for achieving differential
privacy. We say a function f : Z∗ → R has sensitivity ∆
if |f(z) − f(z′)| ≤ ∆ for all neighboring datasets z and
z′. Let Lap(b) denote the Laplace distribution with mean
0 and scale b. The Laplace mechanism is an algorithm that
outputs f(z) + r where r ∼ Lap(∆/ε).

Lemma 2.5 (The Laplace Mechanism). The Laplace mech-
anism is ε-differentially private. Moreover, it holds that
|r| ≤ ln(1/β)∆/ε with probability at least 1 − β, where
r ∼ Lap(∆/ε)

We next describe the exponential mechanism (McSherry
& Talwar, 2007), which has been widely used in design-
ing differentially private learning algorithms (e.g., (Ka-
siviswanathan et al., 2011; Beimel et al., 2019; Alon et al.,
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2020)). LetH be a finite set and q : Z∗×H → R be a score
function. We say q has sensitivity ∆ if maxh∈H |q(z, h)−
q(z′, h)| ≤ ∆ for any neighboring datasets z and z′. The
exponential mechanism outputs an h ∈ H with probability

exp(−ε · q(z, h)/2∆)∑
f∈H exp(−ε · q(z, f)/2∆)

.

Lemma 2.6 (The Exponential Mechanism). The exponen-
tial mechanism is ε-differentially private. Moreover, it out-
puts an h s.t.

q(z, h) ≤ min
f∈H

q(z, f) +
2∆

ε
· ln(|H|/β)

with probability at least 1− β.

3. Item-Level Privacy
In this section, we give a nearly tight characterization of
the sample complexity of agnostic learning under item-level
privacy.

The work of Beimel et al. (2019) has shown that the
sample complexity of pure private realizable learning is
Θ̃
(

RepD(C)
αε

)
. Combining with the well-known Ω̃

(
VC(C)
α2

)
lower bound on non-private agnostic learning (Vapnik &
Chervonenkis, 1974; Simon, 1996), we get a lower bound
of Ω̃

(
RepD(C)

αε + VC(C)
α2

)
on the sample complexity of pure

private agnostic learning.

For the upper bound, the first result was given by Ka-
siviswanathan et al. (2011). In their work, they proposed
an algorithm using Õ

(
|C|
αε + |C|

α2

)
samples for finite con-

cept class C and Õ
(

VC(C) log |X |
αε + VC(C) log |X |

α2

)
samples

for finite domain X . Their analysis can be applied to the
realizable learner of Beimel et al. (2019) by proving the
generalization property for the hypothesis classH sampled
from representation P . This leads to a sample complexity of
Õ
(

RepD(C)
αε + RepD(C)

α2

)
, which exceeds the lower bound

since the representation dimension can be much larger than
the VC dimension (Feldman & Xiao, 2014).

Another existing approach is to use the realizable-to-
agnostic transformation (Beimel et al., 2015; Alon et al.,
2020), which states that every private realizable learner can
be transformed into a private agnostic learner. Applying it
to the algorithm of Beimel et al. (2019) gives a sample com-
plexity of Õ

(
RepD(C)

α + VC(C)
α2

)
for constant privacy pa-

rameter. For an arbitrary ε, one has to use the amplification-
by-subsampling trick (Kasiviswanathan et al., 2011), re-
sulting in a sample complexity of Õ

(
RepD(C)

αε + VC(C)
α2ε

)
.

Though here the second term depends on the VC dimension,
it involves a 1/ε multiplicaive factor, which does not appear
in the lower bound. Thus, this method is still suboptimal.

To obtain a tighter result, we propose a new algorithm
whose sample complexity matches the lower bound. Before
presenting our algorithm, we first introduce some defini-
tions. Let z = (z1, . . . , zn) be the input dataset, where
zi = (xi, yi) ∈ X × {0, 1}. We use x = (x1, . . . , xn) to
denote the corresponding unlabeled dataset. For a hypothe-
sis h, define

errz(h) =
1

n

n∑
i=1

1[h(xi) ̸= yi]

to be the empirical error of h on z. For two hypotheses c
and h, define their empirical disagreement on x as

disx(c, h) =
1

n

n∑
i=1

1[c(xi) ̸= h(xi)].

Our algorithm follows the steps of the learner proposed
by Beimel et al. (2019): first samples an H from some
probabilistic representation P , then runs the exponential
mechanism on H. But unlike their algorithm, which uses
errz(h) as the score function, we adopt the following:

q(z, h) = min
c∈C

errz(c) + disx(c, h).

The sensitivity of the above score function is 2/n because
each term may change by at least 1/n when moving to an
adjacent dataset. Therefore, we can still apply the exponen-
tial mechanism to ensure privacy. The benefit of adopting
such a score function is that it reduces the number of sam-
ples needed so that every hypothesis inH with a low score
must have a small generalization error. Proving this for the
algorithm of Beimel et al. (2019) requires agnostic gener-
alization for all h ∈ H, resulting in a sample complexity
of Õ

(
RepD(C)

α2

)
. When applying our score function, we

instead only need agnostic generalization for all c ∈ C and
realizable generalization for the disagreement between all
c ∈ C and h ∈ H. The former can be ensured by the follow-
ing agnostic generalization result (Talagrand, 1994; Anthony
& Bartlett, 1999), which requires Õ

(
VC(C)
α2

)
samples only.

Lemma 3.1 (VC Agnostic Generalization Bound). Let C
be a concept class over X , D be a distribution over Z =
X × {0, 1}, and

n ≥ 576

α2
(4VC(C) + ln(8/β)) .

Suppose z ∈ Zn is a dataset with each zi drawn i.i.d from
D, then

Pr [∃c ∈ C s.t. |errD(c)− errz(c)| > α] ≤ β.

For the latter one, we can apply the following realizable gen-
eralization bound (Vapnik & Chervonenkis, 1971; Blumer
et al., 1989) to C ∪ H.
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Lemma 3.2 (VC Realizable Generalization Bound). Let C
be a concept class and DX be a distribution over domain
X . Let

n ≥ 96

α
(2VC(C) ln(384/α) + ln(4/β)) .

Suppose x ∈ Xn is an unlabeled dataset with each xi
drawn i.i.d. from DX , then

Pr

[
∃c, h ∈ C s.t. errDX (c, h) > α

and errx(c, h) ≤ α/2

]
≤ β.

Note that realizable generalization saves a 1/α factor com-
pared to agnostic generalization. This saving is crucial for
our tighter upper bound. To identify the VC dimension of
C ∪ H, we need the following bound on the VC dimension
of the union.

Lemma 3.3 ( (Shalev-Shwartz & Ben-David, 2014)). Let
H1 andH2 be two hypothesis class. Then VC(H1 ∪H2) =
O(VC(H1) + VC(H2)).

This lemma suggests that the VC dimension of C ∪ H is
Õ(RepD(C)). Thus, the realizable generalization property
requires Õ

(
RepD(C)

α

)
samples to hold. Combining with the

Õ
(

RepD(C)
αε

)
cost incurred by the exponential mechanism,

we achieve the desired upper bound.

Theorem 3.4. Let C be a concept class. In the item-level
setting, Θ̃

(
RepD(C)

αε + VC(C)
α2

)
samples are necessary and

sufficient to (α, β)-agnostically learn C with ε-differential
privacy.

4. User-Level Privacy
In this section, we study the user complexity of pure
private agnostic learning under user-level privacy. The
work of Ghazi et al. (2023) gives an upper bound of
Õ
(

RepD(C)
ε + RepD(C)√

mαε
+ RepD(C)

mα2

)
and a lower bound

of Ω̃
(

RepD(C)
ε + VC(C)√

mαε
+ VC(C)

mα2

)
. We present an algo-

rithm that improves the last term in their upper bound to
Õ
(

VC(C)
mα2

)
, matching that in their lower bound.

Our algorithm works in the same way as the item-level one
(Section 3), but with the empirical error and disagreement
replaced by their user-level analogies. For a concept c and a
dataset z ∈ Znm, define the user-level empirical error

errtz(c) =
1

n

n∑
i=1

1[m · errzi
(c) > t]

for some t ∈ {0, . . . ,m}. That is, errtz(c) is the fraction
of users on whose examples c makes more than t mistakes.

Also, we can define the user-level generalization error of c
on distribution Dm:

errtDm(c) = Pr
z0∼Dm

[m · errz0
(c) > t].

Similarly, let xi be the corresponding unlabeled dataset held
by user i. For two hypotheses c and h, define their user-level
empirical disagreement on unlabeled dataset x ∈ Xnm to
be

dissx(c, h) =
1

n

n∑
i=1

1[m · disxi
(c, h) > s]

and their user-level generalization disagreement on distribu-
tion Dm

X to be

dissDm
X
(c, h) = Pr

x0∼Dm
X

[m · disx0
(c, h) > s].

The advantage of adopting user-level error is that it amplifies
the additive error by a multiplicaive factor of

√
m. This is

due to the following property of binomial distribution (Adell
& Jodrá, 2006; Liu et al., 2020).

Lemma 4.1. Given m ∈ N and p, q ∈ [0, 1]. Let

K = min

(
m|p− q|,

√
m|p− q|√
p(1− p)

, 1

)
.

Then we have

1

700
K ≤ dTV (Bin(m, p),Bin(m, q)) ≤ K,

where Bin(m, p) is the binomial distribution with m trials
and succeed probability p, and dTV is the total variation
distance. Moreover, there exists an ℓ such that

|Pr[Bin(m, p) > ℓ]− Pr[Bin(m, q) > ℓ]| ≥ 1

700
K.

Let η be the minimum achievable item-level error. Then the
minimum achievable user-level error can be represented by
ψ = Pr[Bin(m, η) > t]. Consider a hypothesis h whose
item-level error is greater than η + α. Lemma 4.1 suggests
that the user-level error of h is at least ψ + Ω(

√
mα) for

some appropriate t. Thus, if we wish the error of our output
hypothesis to be at most η + α, it is sufficient to find a
hypothesis whose user-level error is less than ψ+O(

√
mα).

The above discussion focuses on user-level generalization
error, i.e., user-level error on the underlying distribution D.
Since our algorithm only has access to the dataset, we have
to show generalization properties for user-level error and
disagreement as in the item-level setting. We will make use
of the following relative uniform convergence lemma (An-
thony & Bartlett, 1999).
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Lemma 4.2. Let C be a concept class over X and D be a
distribution over Z = X × {0, 1}. Suppose z ∈ Zn is a
dataset with each zi drawn i.i.d. from D, then for γ ∈ (0, 1)
and ξ > 0, we have

Pr [∃c ∈ C s.t. errD(c) > (1 + γ)errz(c) + ξ]

≤ 4ΠC(2n) exp

(
−γξn

4(γ + 1)

)
.

The ΠC(2n) term in the above lemma is the growth func-
tion, which represents the maximum number of labelings
of 2n samples by some concept in C (see Appendix A for
the exact definition). Note that this lemma naturally ex-
tends to the user-level setting: for agnostic generalization,
one could pack each user’s samples as a whole, which can
be regarded as a single data drawn from the distribution
Dm over domain Zm. Thus, Lemma 4.2 holds with the
ΠC(2n) term increases to ΠC(2nm) since there are nm
samples in total. Sauer’s Lemma (Sauer, 1972) suggests
that this only raises the number of users required by roughly
VC(C) ln(m)/α2. Standard argument (see, e.g., the book
of Anthony & Bartlett (1999)) gives the following general-
ization bound on user-level error.

Lemma 4.3 (User-Level Agnostic Generalization). Let C
be a concept class over X , D be a distribution over Z =
X × {0, 1}, and m be the number of samples per user. Let

n ≥ 64

α2

(
VC(C) ln(128m/α2) + ln(8/β)

)
.

Suppose z ∈ Znm is a dataset with each zi,j drawn i.i.d.
from D, then

Pr
[
∃c ∈ C s.t. |errtDm(c)− errtz(c)| > α

]
≤ β.

For the realizable case, we can similarly prove the following
bound by setting γ and ξ appropriately. Like the item-level
setting, the bound is proportional to 1/α, as opposed to
1/α2 in the agnostic case.

Lemma 4.4 (User-Level Realizable Generalization). Let C
be a concept class, DX be a distribution over domain X ,
and m be the number of samples per user. Let

n ≥ 96

α
(2VC(C) ln(384m/α) + ln(4/β)) .

Suppose x ∈ Xnm is an unlabeled dataset with each xi,j
drawn i.i.d. from DX , then

Pr

[
∃c, h ∈ C s.t. dissDm

X
(c, h) > α

and dissx(c, h) ≤ α/2

]
≤ β.

Now, we still have one missing piece: what are the values of
t and s? It is easy to choose the value of s since we only have
to separate Bin(m, 0) and Bin(m,Cα) for predetermined

constant C. Thus, s is a predetermined constant (indeed,
s = 0). However, for t we have to select a value that
separates Bin(m, η) and Bin(m, η+O(α)). Therefore, the
choice of t depends on the minimum achievable error η,
which is unknown since D is unknown.

We resolve this issue by using an approximate value of η
to decide the value of t. It can be shown that an estimation
within error O(α) suffices. We design an algorithm that
estimates η privately. Our idea is based on binary search.
Suppose in each iteration, we can compare η to the midpoint
of the current interval. Then we can obtain an estimation of
η within error O(α) after O(log(1/α)) iterations.

In each iteration, we have to compare η to some guessed
value η̃ (the midpoint). Due to agnostic generalization,
the comparison can be done by calculating the minimum
empirical user-level error with some t̃, where the parameter
t̃ can be derived from η̃. To ensure privacy, we have to add
Laplace noise to the error.

As illustrated before, the user-level error provides a
√
m

amplification. Thus, the binary search yields a reduced user
complexity, as stated in the following lemma.

Lemma 4.5. Let C be a concept class and D be a distribu-
tion over Z . Suppose each user holds m samples. Let

n ≥ Õ
(
1

ε
+VC(C) +

VC(C)
mα2

+
1√
mαε

)
and z ∈ Znm be a dataset with each zi,j drawn i.i.d from
D. Then there exists an ε-differentially private algorithm
that returns some η̂ s.t. |η̂ − η| ≤ α with probability 1− β,
where η = infc∈C errD(c).

Now, we are ready to prove our main result. We first use
Lemma 4.5 to compute η̂, which is an estimation of η within
error O(α). Then, we construct an appropriate parameter
t from η̂. Finally, we run the exponential mechanism as
in the item-level (Theorem 4.6), but with a score function
constructed from the user-level empirical error and disagree-
ment. We state the result in the following theorem.

Theorem 4.6. Let C be a concept class and m be the num-
ber of samples per user. There exists an ε-differentially
private algorithm that (α, β)-agnostically learns C using

Õ
(

RepD(C)
ε + RepD(C)√

mαε
+ VC(C)

mα2

)
users.

5. Learning Thresholds with User-level
Privacy

In this section, we focus on learning thresholds with user-
level DP and give a nearly tight bound on the user complex-
ity. In the problem of learning thresholds, the domain is
X = {1, . . . , |X |}, and the concept class C is the collection
of all thresholds on X . More formally, a threshold function

7
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fu is specified by an element u ∈ {0}∪X so that fu(x) = 1
if x > u and fu(x) = 0 if x ≤ u for x ∈ X . The concept
class C = {fu | u ∈ {0} ∪ X}.

The class of thresholds on X has VC dimension 1 (see
e.g., (Shalev-Shwartz & Ben-David, 2014)) and representa-
tion dimension Θ(log |X|) (Feldman & Xiao, 2014). Thus,
directly applying Theorem 4.6 gives a user complexity of
Õ
(

log |X|
ε + log |X|√

mαε
+ 1

mα2

)
. As discussed in Section 4,

the second term is still larger than the lower bound proved
by Ghazi et al. (2023). We will show how to reduce this
term to Õ

(
1√
mαε

)
.

Our method is based on binary search. We start with the
entire range [0, |X |]. In each iteration, we pick some point
to split the current interval into two parts. We then examine
the minimum achievable error of the thresholds in each part
and choose the smaller one to continue. This can be done by
injecting Laplace noise to the minimum empirical user-level
error, which saves the user complexity by a

√
m factor as

demonstrated in Section 4.

Suppose we naı̈vely select the middle point of the current
interval in each iteration, then the binary search has to run
for O(log |X|) rounds. This incurs a user complexity of
Õ
(

log |X|√
mαε

)
by the basic composition, which is not satisfac-

tory. Thus, we need to reduce the number of iterations.

Our key insight is that, instead of simply picking the middle
point, we choose a point in the middle of the distribution
(i.e., the median) in each iteration. Though we cannot hope
to find the exact median since D is unknown, a constant
approximation is sufficient. Suppose for a given interval
[l, r], we can choose some mid such that

max

(
Pr

x∼DX
[x ∈ [l,mid− 1]], Pr

x∼DX
[x ∈ [mid+ 1, r]]

)
≤ θ · Pr

x∈DX
[x ∈ [l, r]]

for some constant θ < 1. Then we only have to run the
binary search for O(log(1/α)) rounds. After that, the dis-
agreement between any two thresholds in the final interval
is O(α). Thus, we can output any one in the final interval.

Note thatmid should not be included in any part. Otherwise,
the above property may be impossible to hold since the
distribution can concentrate at a single point. However, we
cannot simply ignore fmid since it may be the only threshold
that achieves our target error. Thus, in each iteration, we also
calculate the error of fmid. Our algorithm will terminate and
output fmid if it has the smallest error among all thresholds
in the current interval. We describe the steps in Algorithm 1.

Our method for finding the meadian requires an observation
from Lemma 4.1 by letting p = c1α and q = c2α for some

Algorithm 1 PrivateThreshold

Input: dataset z ∈ Znm, privacy parameter ε, number
of iterations T , user-level error parameter t, algorithm
PrivateMedian, decaying factor θ.
l← 0, r ← |X |
ε′ ← ε/(4T )
for k ← 1 to T do

if l = r then
break

end if
mid← PrivateMedian(z, ε′, l, r, θk−1)
vmid ← errtz(fmid) + Lap(1/nε′)
vl ← minu∈{l,...,mid−1} err

t
z(fu) + Lap(1/nε′)

vr ← minu∈{mid+1,...,r} err
t
z(fu) + Lap(1/nε′)

% The min operator returns +∞ if the range is empty.
if vmid < min(vl, vr) then

return fmid

else if vl < vr then
r ← mid− 1

else
l← mid+ 1

end if
end for
return fl

constant c1 and c2:

dTV (Bin(m, c1α),Bin(m, c2α)) = Θ(mα)

when m = O(1/α). Thus, it provides an amplification
factor ofmwhen p and q are small. Such an observation was
also utilized by Liu et al. (2020) to derive upper bounds on
the problem of learning discrete distributions and by Ghazi
et al. (2023) to characterize the user complexity of user-level
pure private realizable learning. We did not elaborate on this
in Section 4 since the

√
m amplification is sufficient there.

However, for median selection, the
√
m amplification only

produces an undesirable user complexity of Õ
(

log |X |√
mαε

)
.

The above observation implies that, for the probability den-
sity in [l, r] to be less than α, we only need the probability
that one user has more than ℓ points in [l, r] to be O(mα).
By the realizable generalization property, we can use the em-
pirical counterpart as an alternative and apply the exponen-
tial mechanism to select an approximate median privately.

Lemma 5.1. Let z ∈ Znm be a dataset, where each zi,j is
drawn i.i.d. from some distributionD, and m be the number
of samples per user. Suppose Prx∼DX [x ∈ [l, r]] ≤ α and

n ≥ Õ
(
log |X |
ε

+
log |X |
mαε

)
.

Then there exists an ε-differentially private algorithm that

8
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takes z, ε, l, r, α as input and output some u0 such that

max

(
Pr

x∼DX
[x ∈ [l, u0 − 1]], Pr

x∼DX
[x ∈ [u0 + 1, r]]

)
≤ 2

3
α

with probability at least 1− β.

Now, let us summarize the entire algorithm. We first use
Lemma 4.5 to determine the value of t. Then we run
Algorithm 1 with PrivateMedian being the algorithm in
Lemma 5.1. Note that though the log |X |

mαε = RepD(C)
mαε term

does not explicitly appear in the lower bound presented
by Ghazi et al. (2023), they also show that this term is nec-
essary even for pure private realizable learning. Thus, we
obtain the following nearly tight user complexity bound.

Theorem 5.2. Let C be the concept class of thresholds over
X and m be the number of samples per user. Then

Θ̃

(
log |X |
ε

+
log |X |
mαε

+
1√
mαε

+
1

mα2

)
users are necessary and sufficient to (α, β)-agnostically
learn C with ε-differential privacy in the user-level setting.

6. Conclusion
This work investigates private agnostic learning under item-
level and user-level pure DP. In the item-level setting, we
devise an algorithm that achieves the optimal sample com-
plexity up to polylogarithmic factors. In the user-level set-
ting, we propose a generic learner for arbitrary concept
classes, with an enhanced user complexity than the best-
known result in (Ghazi et al., 2023). For the specific task of
learning thresholds, we develop a near-optimal upper bound
and conjecture that such improvement can also be made in
the generic case. We leave the problem of closing the gap
for general concept classes as future work. Another interest-
ing direction for future work is to investigate the scenario
where different users may hold different amounts of data.
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A. Additional Preliminaries
A.1. The Vapnik-Chervonenkis Dimension

The Vapnik-Chervonenkis dimension (VC dimension) is a combinatorial measure of concept classes, which characterizes
the sample complexity of (non-private) PAC learning and agnostic learning. Consider a concept class C over domain
X . Let x ∈ Xn be an unlabeled dataset of size n. The set of all dichotomies on x that are realized by C is denoted by
ΠC(x) = {(c(x1), . . . , c(xn)) | c ∈ C}. The growth function of C is defined as

ΠC(n) = max
x∈Xn

|ΠC(x)|.

Definition A.1. The VC dimension of a concept class C is defined as the largest number d such that ΠC(d) = 2d (or infinity,
if the maximum does not exist).

Though the number of binary vectors of length n is 2n, Sauer’s Lemma states that the growth function is polynomially
bounded.
Lemma A.2 (Sauer’s Lemma). Let C be a concept class with VC dimension d. Then for n ≥ d we have ΠC(n) ≤

(
en
d

)d
.

The following technical inequality from (Anthony & Bartlett, 1999) is useful in deriving sample/user complexity bounds:

ln a ≤ ab+ ln(1/b)− 1 for all a, b > 0. (1)

Applying Sauer’s lemma usually gives an inequality of the form A+B lnn ≤ n. To find an n that satisfies this inequality,
let a = n and b = 1/2B in inequality (1), we get

A+B lnn ≤ A+B(n/2B + ln(2B)− 1) = A+ n/2 +B ln(2B/e).

Thus, it suffices to find an n s.t. A+B ln(2B/e) ≤ n/2 or, equivalently, 2A+ 2B ln(2B/e) ≤ n.

A.2. Concentration Bounds

Let X1, . . . , Xn be independent Bernoulli random variables with probability p of being 1. The expected value of their sum
is E[X1 + . . . Xn] = np. The following inequalities bound the probability that the summation deviates from the its expected
value:

Pr

[
n∑

i=1

Xi ≥ (1 + δ)np

]
≤ exp(−δ2np/(2 + δ)) for δ > 0,

Pr

[
n∑

i=1

Xi ≤ (1− δ)np

]
≤ exp(−δ2np/2) for 0 < δ < 1,

Pr

[∣∣∣∣∣
n∑

i=1

Xi − np

∣∣∣∣∣ ≥ δ
]
≤ 2 exp(−2δ2/n) for δ ≥ 0.

The first two inequalities are knowns as the Chernoff bounds (Chernoff, 1952) and the last one is kowns as Hoeffding’s
inequality (Hoeffding, 1963).

B. Proof of Theorem 3.4
Proof. The lower bound can be shown by combining the Ω̃

(
RepD(C)

αε

)
lower bound on private realizable learning (Beimel

et al., 2019) and the Ω̃
(

VC(C)
α2

)
lower bound on agnostic learning (Vapnik & Chervonenkis, 1974; Simon, 1996).

Now, let us focus on the upper bound. Our algorithm A works as follows: first samplesH ∼ P , where P is a (α/18, β/5)-
probabilistic representation of C with size(P) = RepDα/18,β/5(C), then runs the exponential mechanism onH with privacy
parameter ε, sensitivity parameter ∆ = 2/n, and score function q(z, h) defined as

q(z, h) = min
c∈C

errz(c) + disx(c, h).
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Note that each term in the minimization will change by at most 1/n when moving to a neighboring dataset. This implies that
the sensitivity of q is at most 2/n. Thus, the privacy guarantee of the exponential mechanism ensures that A is ε-differentially
private.

Now it remains to show that A is an (α, β)-agnostic learner. Let η = infc∈C errD(c), then there exists some c′ ∈ C s.t.
errD(c

′) ≤ η + α/18. By Lemma 3.1, for n ≥ Õ
(

VC(C)
α2

)
, we have |errD(c) − errz(c)| ≤ α/18 for all c ∈ C with

probability 1− β/5. Thus,
errz(c

′) ≤ errD(c
′) + α/18 ≤ η + α/9.

Since P is an (α/18, β/5)-probabilistic representation, we know that with probability 1 − β/5, there exists some h′ s.t.
disDX (c

′, h′) ≤ α/18. Then by the Chernoff bound, for n ≥ Õ (1/α), with probability 1− β/5, we have

disx(c
′, h′) ≤ 2disDX (c

′, h′) ≤ α/9.

Therefore, by Lemma 2.6, for n ≥ Õ
(

RepD(C)
εα

)
, the exponential mechanism chooses some h0 s.t.

q(z, h0) ≤ min
f∈H

q(z, f) + α/18

≤ q(z, h′) + α/18

≤ errz(c
′) + disx(c

′, h′) + α/18

≤ η + 5α/18

with probability at least 1− β/5.

Suppose q(z, h0) = errz(c0) + disx(c0, h0), we have

errz(c0) ≤ q(z, h0) ≤ η + 5α/18.

Then by agnostic generalization, we can bound the generalization error of c0:

errD(c0) ≤ errz(c0) + α/18 ≤ η + α/3.

Since every concept in C has error at least η on D, agnostic generalization also implies that

errz(c0) ≥ errD(c0)− α/18 ≥ η − α/18.

Thus, we can bound the empirical disagreement between c0 and h0:

disz(c0, h0) = q(z, h0)− errz(c0)

≤ η + 5α/18− (η − α/18)
= α/3.

We now show the realizable generalization property. By Lemma 2.4 and 3.3, we have

VC(C ∪ H) = O(VC(C) + VC(H))
= O(VC(C) + log2 |H|)
= O(VC(C) + RepDα/18,β/5(C))

= Õ(VC(C) + RepD(C))

= Õ(RepD(C)).

Then applying Lemma 3.2, for n ≥ Õ
(

RepD(C)
α

)
, with probability 1 − β/5 it holds that disDX (c, h) ≤ 2α/3 for all

(c, h) ∈ C ×H s.t. disx(c, h) ≤ α/3. Thus, disDX (c0, h0) ≤ 2α/3.

12
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By the union bound, we can conclude that

errD(h0) ≤ errD(c0) + disDX (c0, h0)

≤ η + α/3 + 2α/3

= η + α

with probability 1− β for some n = Õ
(

RepD(C)
αε + VC(C)

α2

)
.

C. Proofs from Section 4
C.1. Proof of Lemma 4.3

Proof. For a concept c ∈ C, define a concept φc : Zm → {0, 1} such that φc(z0) = 1[m · errz0
(c) > t] for z0 ∈ Zm. Let

Cφ = {φc | c ∈ C}, D′ be a distribution on Zm × {0, 1} s.t.

Pr
D′
[(z0, y0)] =

{
PrDm [z0], y0 = 0,

0, y0 = 1,

and z′ = (z′1, . . . , z
′
n) ∈ (Zm × {0, 1})n be a dataset with z′i = (zi, 0), where z = (z1, . . . ,zn) is a dataset sampled from

Dnm. We have
errD′(φc) = Pr

(z0,y0)∼D′
[φc(z0) ̸= y0] = Pr

z0∼Dm
[m · errz0

(c) > t] = errtDm(c)

and

errz′(φc) =
1

n

n∑
i=1

1[φc(zi) ̸= 0] =
1

n

n∑
i=1

1[m · errzi(c) > t] = errtz(c).

Moreover, each z′i can be seen as i.i.d. drwan from D′. Applying Lemma 4.2 with concept class Cφ, distribution D′, dataset
z′, and γ = ξ = α/2, we have

Pr[∃c ∈ C s.t. errtDm(c) > errtz(c) + α]

=Pr[∃φc ∈ Cφ s.t. errD′(φc) > errz′(φc) + α]

≤Pr[∃φc ∈ Cφ s.t. errD′(φc) > (1 + α/2)errz′(φc) + α/2]

≤4ΠCφ(2n) exp

(
−α2n/4

4(1 + α/2)

)
≤4ΠC(2nm) exp

(
−α2n/32

)
,

where the last inequality is due to the fact that

ΠCφ(2n) = max
z∈Z2nm

|ΠCφ(z)|

= max
z∈Z2nm

∣∣∣∣∣
{(

1

[
m∑
i=1

1 [c(x1,i) ̸= y1,i] > t

]
, . . . ,1

[
m∑
i=1

1 [c(x2n,i) ̸= y2n,i] > t

]) ∣∣∣∣∣ c ∈ C
}∣∣∣∣∣

≤ max
z∈Z2nm

|{(1[c(x1,1) ̸= y1,1], . . . ,1[c(x2n,m) ̸= y2n,m]) | c ∈ C}|

= max
x∈X 2nm

|ΠC(x)|

= ΠC(2nm).

By Sauer’s Lemma, we have ΠC(2nm) ≤
(
2enm

d

)d
if 2nm ≥ d, where d = VC(C). We want the above quantity to be at

most β/2. Thus, it suffices to show

n ≥ 32

α2
(d lnn+ d ln(2em/d) + ln(8/β)) .

13
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By inequality (1), we have
32d

α2
lnn ≤ n

2
+

32d

α2
ln

(
64d

eα2

)
.

Therefore,

n ≥ 64

α2

(
d ln(128m/α2) + ln(8/β)

)
(2)

suffices. We still need to prove the other side. For a concept c, define c−(x) = 1 − c(x). Let C− = {c− | c ∈ C} and
t− = m− t− 1. It is easy to verify that VC(C−) = VC(C), errt−z (c−) = 1− errtz(c), and errt

−

Dm(c−) = 1− errtDm(c).
Applying the above conclusion to C− and t− gives

Pr[∃c ∈ C s.t. errtDm(c) + α < errtz(c)]

=Pr[∃c− ∈ C− s.t. 1− errt
−

Dm(c−) + α < 1− errt
−

z (c−)]

=Pr[∃c− ∈ C− s.t. errt
−

Dm(c−) > errt
−

z (c−) + α]

≤β/2

if n satisfies inequality (2). Applying the union bound completes the proof.

C.2. Proof of Lemma 4.4

Proof. For any c, h ∈ C, define a concept φc,h : Xm → {0, 1} such that φc,h(x0) = 1[m · disx0(c, h) > s] for x0 ∈ Xm.
Let Cφ = {φc,h | c, h ∈ C}, D′ be a distribution on Xm × {0, 1} s.t.

Pr
D′
[(x0, y0)] =

{
PrDm

X
[x0], y0 = 0,

0, y0 = 1,

and z′ ∈ (Xm × {0, 1})n be a dataset with z′i = (xi, 0). Similar to the proof of Lemma 4.3, we have errD′(φc,h) =
dissDm

X
(c, h) and errz′(φc,h) = dissx(c, h). By Lemma 4.2, let γ = 1/2 and ξ = α/4, we have

Pr
[
∃c, h ∈ C s.t. dissDm

X
(c, h) > α and dissx(c, h) ≤ α/2

]
≤Pr

[
∃c, h ∈ C s.t. dissDm

X
(c, h) > 3/2dissx(c, h) + α/4

]
=Pr[∃φc,h ∈ Cφ s.t. errD′(φc,h) > 3/2errz′(φc,h) + α/4]

≤4ΠCφ
(2n) exp

(
−−1/2 · αn/4
4 · (1 + 1/2)

)
≤4 (ΠC(2nm))

2
exp(−αn/48),

where the last inequality comes from the fact that

ΠCφ
(2n) = max

x∈X 2nm
|ΠCφ

(x)|

= max
x∈X 2nm

∣∣∣∣∣
{(

1

[
m∑
i=1

1[c(x1,i) ̸= h(x1,i)] > s

]
, . . . ,1

[
m∑
i=1

1[c(x2n,i) ̸= h(x2n,i)] > s

]) ∣∣∣∣∣ c, h ∈ C
}∣∣∣∣∣

≤ max
x∈X 2nm

|{(1[c(x1,1) ̸= h(x1,1)], . . . ,1[c(x2n,m) ̸= h(x2n,m)]) | c, h ∈ C}|

≤ max
x∈X 2nm

|ΠC(x)| · |ΠC(x)|

= (ΠC(2nm))2.

Let d = VC(C), Sauer’s Lemma ensures that the above quantity is at most β if 2nm ≥ d and

n ≥ 48

α
(2d lnn+ 2d ln(2em/d) + ln(4/β)) .

14
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By inequality (1), we have
96d

α
lnn ≤ n

2
+

96d

α
ln

(
192d

eα

)
Thus,

n ≥ 96

α
(2d ln(384m/α) + ln(4/β))

suffices.

C.3. Proof of Lemma 4.5

The key insight behind Lemma 4.5 is that we can decide whether a given value η̃ is greater or lees than the minimum error η
up to an error of O(α), as demonstrated in the following lemma.

Lemma C.1. Let C be a concept class, D be a distribution over Z , m be the number of samples per user, and η =
infc∈C errD(c). Suppose

n ≥ Õ
(
1

ε
+VC(C) + VC(C)

mα2
+

1√
mαε

)
and z ∈ Znm be a dataset with each zi,j drawn i.i.d. from D. Then there exists an ε-differentially private algorithm that
takes z, ε, η̃, α as input and outputs some σ ∈ {0, 1}, such that with probability 1− β:

1. If σ = 0, then η̃ ≥ η − α/2.

2. If σ = 1, then η̃ ≤ η + α/2.

Proof. We will assume m ≤ 1/α2 and prove an upper bound of Õ
(

VC(C)
mα2 + 1√

mαε

)
. When m > 1/α2, the result simply

holds by discarding the extra samples.

By Lemma 4.1, there exists some t s.t.

Pr[Bin(m, η̃) > t] +
√
mα/1400 ≤ Pr[Bin(m, η̃ + α/2) > t].

Let A be an algorithm that returns 0 if minc∈C err
t
z(c) + r ≤ Pr[Bin(m, η̃) > t] +

√
mα/2800, where r ∼ Lap(1/εn),

and otherwise returns 1. By Lemma 2.5, A is ε-differentially private and |r| ≤
√
mα/5600 with probability 1 − β/2 if

n ≥ Õ( 1√
mαε

).

The agnostic generalization bound (Lemma 4.3) shows that if n ≥ Õ
(

VC(C)√
mα2

)
, then with probability 1 − β/2 it holds

that |errtz(c) − errtDm(c)| ≤
√
mα/5600 for all c ∈ C. For the remainder of the proof, we condition on the event that

|r| ≤
√
mα/5600 and |errtz(c)− errtDm(c)| ≤

√
mα/5600 for all c ∈ C. By the union bound, this happens with probability

1− β.

First consider the case that η ≤ η̃. We have

min
c∈C

errtz(c) + r ≤ Pr[Bin(m, η) > t] +
√
mα/5600 + r

≤ Pr[Bin(m, η̃) > t] +
√
mα/5600 +

√
mα/5600

≤ Pr[Bin(m, η̃) > t] +
√
mα/2800.

Thus, A must return 0 in this case. Equivalently, it guarantees that η > η̃ ≥ η̃ − α/2 if A returns 1.

Now suppose η > η̃. Note that if η > η̃ + α/2, it holds that

Pr[Bin(m, η̃) > t] +
√
m/1400 < Pr[Bin(m, η) > t] = inf

c∈C
errtDm(c).

Thus, if infc∈C err
t
Dm(c) ≤ Pr[Bin(m, η̃) > t] +

√
m/1400 we must have η ≤ η̃ + α/2.
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Algorithm 2 PrivateMinError

Input: dataset z ∈ Znm, privacy parameter ε, accruacy parameter α, confidence parameter β, algorithm PrivateCompare.
l← 0, r ← 1
T ← ⌈log2(2/α)⌉
ε′ ← ε/T, β′ ← β/T
for k ← 1 to T do
mid← (l + r)/2
if PrivateCompare(z, ε′,mid, α, β′) = 1 then
r ← mid

else
l← mid

end if
end for
return l

Suppose A returns 0. Let c0 ∈ C s.t. errtz(c0) = minc∈C err
t
z(c). Then we have

errtDm(c0) ≤ errtz(c0) +
√
mα/5600

≤ Pr[Bin(m, η̃) > t] +
√
mα/2800− r +

√
mα/5600

≤ Pr[Bin(m, η̃) > t] +
√
mα/1400.

Therefore, infc∈C err
t
Dm(c) ≤ Pr[Bin(m, η̃) > t] +

√
mα/1400, which implies that η ≤ η̃ + α/2.

In summary, with probability 1− β, we have η̃ ≥ η − α/2 if A returns 0, and η̃ ≤ η + α/2 if A return 1.

Now we can accurately estimate the value of η by binary research. The details are described in Algorithm 2.

Proof of Lemma 4.5. We execute Algorithm 2 with PrivateCompare being the algorithm in Lemma C.1.

Let lk, rk be the endpoints after the k-th iteration. Initially, we have l0 = 0 and r0 = 1. Then after T iterations, the length
of [lT , rT ] is rT − lT ≤ 1/2T ≤ α/2.

We now show that if every call of PrivateCompare succeeds, then [lk, rk] ∩ [η − α/2, η + α/2] ̸= ∅ for all k. We prove
this by induction. At the beginning, we have [l0, r0] ∩ [η − α/2, η + α/2] ̸= ∅ since η ∈ [0, 1] = [l0, r0]. Suppose
[lk−1, rk−1] ∩ [η − α/2, η + α/2] ̸= ∅. In the k-th iteration, we set mid = (lk−1 + rk−1)/2. Let σ be the return value of
PrivateCompare. By Lemma C.1, with probability 1− β′ = 1− β/T , we have:

1. If σ = 0, then mid ≥ η − α/2. Thus, [lk−1,mid] ∩ [η − α/2, η + α/2] ̸= ∅ since η + α/2 ≥ lk−1.

2. If σ = 1, then mid ≤ η + α/2. Thus, [mid, rk−1] ∩ [η − α/2, η + α/2] ̸= ∅ since η − α/2 ≥ rk−1.

For both cases, we have [lk, rk] ∩ [η − α/2, η + α/2] ̸= ∅.

By the union bound, it holds with probability 1 − β that |η − x| ≤ α/2 for some x ∈ [lT , rT ]. This implies |lT − η| ≤
|lT − x|+ |x− η| ≤ α, which completes the proof.

C.4. Proof of Theorem 4.6

Proof. We will assume that m ≤ 1/α2 and show an upper bound of Õ
(

RepD(C)√
mαε

+ VC(C)
mα2

)
. When m > 1/α2, the

Õ
(

RepD(C)
ε

)
term becomes the dominated term and the user complexity can be achieved by discarding the extra samples.

Let η = infc∈C errD(c). We first run the algorithm in Lemma 4.5 with privacy parameter ε/2. For n ≥ Õ
(

VC(C)
mα2 + 1√

mαε

)
,

it returns some η̂ s.t. |η̂ − η| ≤ α/6 with probability 1− β/7.
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By Lemma 4.1, there exists some t s.t.

Pr[Bin(m, η̂ + α/6) > t] +
√
mα/4200 ≤ Pr[Bin(m, η̂ + α/3) > t].

Let ψ = Pr[Bin(m, η) > t] and ψ̂ = Pr[Bin(m, η̂ + α/6) > t]. Then we have ψ ≤ ψ̂ since η ≤ η̂ + α/6.

For any concept c with errD(c) > η + α/2, we have errD(c) > η̂ + α/3 by the triangle inequality. Thus,

errtDm(c) > Pr[Bin(m, η̂ + α/3) > t] ≥ ψ̂ +
√
mα/4200.

Thus, for any concept c with errtDm(c) ≤ ψ̂ +
√
mα/4200 it must hold that errD(c) ≤ η + α/2.

Again by Lemma 4.1, there exists some s (actually, s = 0) s.t.

Pr[Bin(m,α/3) > s] ≥ Pr[Bin(m, 0) > s] +
√
mα/2100 =

√
mα/2100.

Thus, for any hypotheses c and h with dissDm
X
(c, h) ≤

√
mα/2100, it holds that disDX (c, h) ≤ α/3.

Our algorithm then works as follows: first samplesH ∼ P , where P is a (α/134400
√
m,β/7)-probabilistic representation

of C with size(P) = RepDα/134400
√
m,β/7(C), then run the exponential mechanism onH with parameter ε/2, sensitivity

parameter ∆ = 2/n, and score function

q(z, h) = min
c∈C

errtz(c) + dissx(c, h).

The privacy is satisfied by the composition property of DP. The proof of the utility guarantee is similar to that of Theorem 3.4.
Firstly, there exists some c′ ∈ C s.t. errtDm(c′) ≤ ψ +

√
mα/134400. By Hoeffding’s inequality, for n ≥ Õ

(
1

mα2

)
, we

have errtz(c
′) ≤ errtDm(c′) +

√
mα/134400 ≤ ψ +

√
mα/67200 with probability 1− β/7.

Since P is an (α/134400
√
m,β/7)-probabilistic representation, with probability 1 − β/7 there exists some h′ ∈ H s.t.

disDX (c
′, h′) ≤ α/134400

√
m. By the upper bound in Lemma 4.1, dissDm

X
(c′, h′) ≤

√
mα/134400. Then by the Chernoff

bound, for n ≥ Õ
(

1√
mα

)
it holds that dissx(c

′, h′) ≤ 2dissDm
X
(c′, h′) ≤

√
mα/67200 with probability at least 1− β/7.

So, q(z, h′) ≤ errtz(c
′) + dissx(c

′, h′) ≤ ψ +
√
mα/33600. By Lemma 2.6, for n ≥ Õ

(
RepD(C)√

mαε

)
, the exponential

mechanism chooses some h0 s.t.

q(z, h0) ≤ min
f∈H

q(z, f) +
√
mα/16800 ≤ q(z, h′) +

√
mα/16800 ≤ ψ +

√
mα/8400

with probability 1− β/7.

Let q(z, h0) = errtz(c0) + dissx(c0, h0). Then we have errtz(c0) ≤ q(z, h0) ≤ ψ +
√
mα/8400. By Lemma 4.3, for

n ≥ Õ
(

VC(C)
mα2

)
we have |errtDm(c)− errtz(c)| ≤

√
mα/8400 for all c ∈ C with probability 1− β/7. Thus,

errtDm(c0) ≤ errtz(c0) +
√
mα/8400 ≤ ψ +

√
mα/4200 ≤ ψ̂ +

√
mα/4200

and errtz(c0) ≥ ψ −
√
mα/8400. The former implies errD(c0) ≤ η + α/2 and the latter implies

dissx(c0, h0) = q(z, h0)− errz(c0) ≤ ψ +
√
mα/8400− (ψ −

√
mα/8400) ≤

√
mα/4200.

As shown in the proof of Theorem 3.4, the VC dimension of C ∪ H is Õ (RepD(C)). Then by Lemma 4.4, for n ≥
Õ
(

RepD(C)√
mα

)
, it holds with probability 1− β/7 that dissDm

X
(c, h) ≤

√
mα/2100 for all c ∈ C and h ∈ H with dissx(c, h) ≤√

mα/4200. Thus, we have dissDm
X
(c0, h0) ≤

√
mα/2100, which further indicates disDX (c0, h0) ≤ α/3.

By the union bound, we have

errD(h0) ≤ errD(c0) + disDX (c0, h0) ≤ η + α/2 + α/3 < η + α

with probability 1− β for n ≥ Õ
(

RepD(C)√
mαε

+ VC(C)
mα2

)
.
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D. Proofs from Section 5
D.1. Proof of Lemma 5.1

We first prove an corollary of Lemma 4.1 by taking p = α/2 and q = 2α/3, which states that the total variation distance
between Bin(m, p) and Bin(m, q) scales linearly with m.

Corollary D.1. Suppose 0 < α ≤ 1 and m ≤ 1/α. Then there exists an ℓ such that

Pr[Bin(m,α/2) > ℓ] +mα/4200 ≤ Pr[Bin(m, 2α/3) > ℓ].

Proof. Let p = α/2 and q = 2α/3. Then by Lemma 4.1, there exists an ℓ s.t.

Pr[Bin(m,α/2) > ℓ] +K/700 ≤ Pr[Bin(m, 2α/3) > ℓ],

where

K = min

(
m|p− q|,

√
m|p− q|√
p(1− p)

, 1

)
= min(mα/6,

√
m/(p(1− p)) · α/6) = mα/6.

since m/(p(1− p)) > m/p = 2m/α ≥ 2m2.

Proof of Lemma 5.1. We will assume m ≤ 1/α and prove an upper bound of Õ
(

log |X |
mαε

)
. When m > 1/α, the conclusion

follows by discarding the extra samples.

Let x be the corresponding unlabeled dataset of z. By Corollary D.1, there exists some s .s.t.

Pr[Bin(m,α/2) > s] +mα/4200 ≤ Pr[Bin(m, 2α/3) > s].

Let dissx(fa−1, fb) be the fraction of users that have more than ms samples lie in [a, b]. Define score function

q(z, u) = max (dissx(fl−1, fu−1),dis
s
x(fu, fr)) .

The sensitivity of q(z, u) is 1/n. Thus, we can run the exponential mechanism on {l, . . . , r} with privacy parameter ε and
∆ = 1/n. Lemma 2.6 proves the privacy guarantee. To analyze the accuracy, we start with the claim that there exists some
u′ ∈ {l, . . . , r} such that

max

(
Pr

x∼DX
[x ∈ [l, u′ − 1]], Pr

x∼DX
[x ∈ [u′ + 1, r]]

)
≤ α/2.

To show this, let u′ be the greatest number in {l, . . . , r} s.t. Prx∼DX [x ∈ [l, u′ − 1]] ≤ α/2. We will prove that
Prx∼DX [x ∈ [u′ + 1, r]] ≤ α/2. Suppose this does not hold, namely, Prx∼DX [x ∈ [u′ + 1, r]] > α/2. Then by the
definition of u′ we have Prx∼DX [x ∈ [l, u′]] > α/2. Thus,

α ≥ Pr
x∼DX

[x ∈ [l, r]] = Pr
x∼DX

[x ∈ [l, u′]] + Pr
x∼DX

[x ∈ [u′ + 1, r]] > α,

a contradiction.

Thus, we have

max

(
Pr

x0∼Dm
X

[disx0
(fl−1, fu′−1) > s], Pr

x0∼Dm
X

[disx0
(fu′ , fr) > s]

)
≤ Pr[Bin(m,α/2) > s].

Moreover, by the upper bound in Lemma 4.1, the right-hand side of the above is at most mα/2. Now apply the Chernoff
bound, for n ≥ Õ

(
1

mα

)
, with probability 1− β/3, we have

q(z, u′) = max (Pr[dissx(fl−1, fu′−1)],Pr[dis
s
x(fu′ , fr)])

≤ Pr[Bin(m,α/2) > s](1 + 1/6300)

≤ Pr[Bin(m,α/2) > s] +mα/12600.
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By Lemma 2.6, for n ≥ Õ
(

log |X |
mαε

)
, the exponential mechanism returns a mid s.t.

q(z,mid) ≤ min
u∈{l,...,r}

q(z, u) +mα/12600 ≤ q(z, u′) +mα/12600 ≤ Pr[Bin(m,α/2) > s] +mα/6300

with probability at least 1− β/3. By the Chernoff bound, when n ≥ Õ
(

log |X|
mα

)
, it holds with probability 1− β/3 that

dissDm
X
(fu, fv) ≤ (Pr[Bin(m,α/2) > s] +mα/6300) · 6303

6302

for all u, v ∈ {0} ∪ X with dissx(fu, fv) ≤ Pr[Bin(m,α/2) > s] +mα/6300. Therefore, we have

max
(
dissDm

X
(fl−1, fmid−1),dis

s
Dm

X
(fmid+1, r)

)
≤ (Pr[Bin(m,α/2) > s] +mα/6300) · 6303

6302

≤ Pr[Bin(m,α/2) > s] +mα/6300 + (mα/2 +mα/6300) · 1

6302
= Pr[Bin(m,α/2) > s] +mα/4200

≤ Pr[Bin(m, 2α/3) > s].

Thus, we got

max

(
Pr

x∼DX
[x ∈ [l,mid− 1]], Pr

x∼DX
[x ∈ [mid+ 1, r]]

)
= max (disDX (fl−1, fmid−1),disDX (fmid+1, r)) ≤ 2α/3.

By the union bound, the above happens with probability at least 1− β, which completes the proof.

D.2. Proof of Theorem 5.2

Proof. As proved by Ghazi et al. (2023), private realizable learning requires Ω
(

RepD(C)
ε + RepD(C)

mαε

)
users and private

agnostic learning requires Ω
(

VC(C)√
mαε

+ VC(C)
mα2

)
. By the fact that the class of thresholds has VC dimension 1 (see, e.g., (Shalev-

Shwartz & Ben-David, 2014)) and representation dimension Θ(log |X |) (Feldman & Xiao, 2014), the lower bound is proved.

For the upper bound, we assume that m ≤ 1/α2. The bound for m > 1/α2 follows by discarding the extra samples.

Let η = infc∈C errD(c) and T = log3/2
(
2
α

)
= O(log(1/α)).We first run the algorithm in Lemma 4.5 with parameter ε/2.

For n ≥ Õ
(

1
mα2 + 1√

mαε

)
, it returns some η̂ s.t. |η̂ − η| ≤ α/6 with probability 1− β/4. By Lemma 4.1, there exists

some t s.t.
Pr[Bin(m, η̂ + α/6) > t] +

√
mα/4200 ≤ Pr[Bin(m, η̂ + α/3) > t]

Let ψ = Pr[Bin(m, η) > t] and ψ̂ = Pr[Bin(m, η̂ + α/6)]. Since η ≤ η̂ + α/6, we have ψ ≤ ψ̂. Thus, for any u s.t.
errtDm(fu) ≤ ψ +

√
mα/4200, it holds that errD(fu) ≤ η̂ + α/3 ≤ η + α/2.

We then run Algorithm 1 with dataset z, privacy parameter ε/2, T and t as declared before, algorithm PrivateCompare
as the one in Lemma 5.1, and θ = 2/3. The privacy guarantee of this part direcly follows from the property of Laplace
mechanism (Lemma 2.5) and the basic composition. Thus the privacy of the entire algorithm is ensured by applying the
basic composition again.

We now consider the utility. Let lk, rk be the endpoints after the k-th iteration and T ′ be the number of finished iterations
during the execution. Then there are three possible cases:

• T ′ < T and the algorithm returns fmid during the (T ′ + 1)-th iteration

• T ′ < T and the algorithm returns flT ′ = frT ′

• T ′ = T and the algorithm returns flT .
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We first prove that
min

u∈{lk,...,rk}
errtz(u) ≤ ψ +

√
mα/12600 + k

√
mα/(12600T ) (3)

for 0 ≤ k ≤ T ′ by induction.

Let n ≥ Õ
(

1√
mαε

)
, then by Lemma 2.5 and the union bound, with probability 1 − β/4, in each iteration the absolute

value of the generated Laplace noise is no larger than α
√
m/(25200T ). At the beginning, we have l0 = 0 and r0 = |X |.

By agnostic generalization (Lemma 4.3), for n ≥ Õ
(

1
mα2

)
, we have |errtz(fu)− errtDm(fu)| ≤

√
mα/12600 for all

u ∈ {0, . . . , |X |} with probability 1− β/4. This implies minu∈{l0,...,r0} err
t
z(fu) ≤ ψ +

√
mα/12600.

Now suppose (3) holds for some k < T ′. Since the algorithm does not return during the (k + 1)-th iteration, we thus have

min
u∈{lk+1,...,rk+1}

errtz(fu) ≤ min(vl, vr, vmid) +
√
mα/(25200T )

≤ min
u∈{lk,...,rk}

errtz(fu) +
√
mα/(25200T ) +

√
mα/(25200T )

≤ ψ +
√
mα/12600 + (k + 1)

√
mα/(12600T ).

Thus, we prove (3). Now, let’s consider the three cases one by one. If the algorithm returns fmid during the (T ′ + 1)-th
iteraiton, then we have

errtz(fmid) ≤ min(vl, vr, vmid) +
√
mα/(25200T )

≤ min
u∈{lT ′ ,...,rT ′}

errtz(fu) +
√
mα/(25200T ) +

√
mα/(25200T )

≤ ψ +
√
mα/12600 + T ′ ·

√
mα/(12600T ) +

√
mα/(12600T )

≤ ψ +
√
mα/6300.

Otherwise if the algorithm returns flT ′ due to lT ′ = rT ′ after T ′ iterations, we also have

errtz(flT ′ ) ≤ ψ +
√
mα/12600 + T ′ ·

√
mα/(12600T ) ≤ ψ +

√
mα/6300.

Thus by agnostic generalization, for both of these two cases, the algorithm returns some fu0
s.t.

errDm(fu0) ≤ ψ +
√
mα/6300 +

√
mα/12600 ≤ ψ +

√
mα/4200.

This implies errD(fu0) ≤ η + α/2 < η + α.

Now consider the remaining case that the algorithm returns flT after T iterations. The same argument shows that
there exists some lT ≤ u′ ≤ rT s.t. errD(fu′) ≤ η + α/2. By Lemma 5.1 and the union bound, we know that for
n ≥ Õ

(
log |X |

ε + log |X |
mαε

)
, it holds with probability 1− β/4 that Prx∼DX [x ∈ [lT , rT ]] ≤

(
2
3

)T ≤ α/2. Thus,

errD(flT ) ≤ errD(fu′) + Pr
x∼DX

[x ∈ [lT , rT ]] ≤ η + α/2 + α/2 ≤ η + α.

All in all, when n ≥ Õ
(

log |X |
ε + log |X |

mαε + 1√
mαε

+ 1
mα2

)
, the algorithm is an (α, β)-agnostic learner with ε-differential

privacy.
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