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Abstract
We study the running time, in terms of first order oracle queries, of differentially private empir-
ical/population risk minimization of Lipschitz convex losses. We primarily consider the setting
where the loss is non-smooth and the optimizer interacts with a private proxy oracle, which sends
only private messages about a minibatch of gradients. In this setting, we show that expected run-
ning time Ω(min{

√
d

α2 ,
d

log(1/α)}) is necessary to achieve α excess risk on problems of dimension

d when d ≥ 1/α2. Upper bounds via DP-SGD show these results are tight when d > Ω̃(1/α4).
In fact, the lower bound nearly matches the best known upper bound for general private optimizers
in this regime. A consequence of our results is that, in high dimensions, the ubiquitous DP-SGD
algorithm necessarily suffers a dimension dependent runtime slowdown and further that DP-SGD
is optimal among the subclass of DP optimizers that use private oracles. We further show our lower
bound can be strengthened to Ω(min{ d

m̄α2 ,
d

log(1/α)}) for algorithms which use minibatches of size

at most m̄ <
√
d. We next consider smooth losses, where we relax the private oracle assumption

and give lower bounds under only the condition that the optimizer is private. Here, we lower bound
the expected number of first order oracle calls by Ω̃

(√
d

α + min{ 1
α2 , n}

)
, where n is the size of

the dataset. Modifications to existing algorithms show this bound is nearly tight. To our knowl-
edge, ours are the first oracle complexity lower bounds to leverage differential privacy beyond the
local privacy model. Compared to non-private lower bounds, our results show that differentially
private optimizers pay a dimension dependent runtime penalty. Finally, as a natural extension of
our proof technique, we show lower bounds in the non-smooth setting for optimizers interacting
with information limited oracles. If the proxy oracle transmits at most Γ-bits of information about
the gradients in the minibatch, then Ω

(
min{ d

α2Γ ,
d

log(1/α)}
)

oracle calls are needed. This result
shows fundamental limitations of gradient quantization techniques in optimization.
Keywords: Optimization, Differential Privacy, Oracle Complexity

1. Introduction

Many fundamental problems in machine learning and statistics take the form of convex optimiza-
tion problems. Many such problems can be formulated as empirical risk minimization (ERM), or
stochastic convex optimization (SCO)1. For a dataset of n convex losses ℓ1, . . . , ℓn and convex con-
straint set W ⊆ Rd of diameter at most B, the former asks for an approximate minimizer of the
empirical loss: minw∈W{L(w) := 1

n

∑n
i=1 ℓi(w)}. For an unknown distribution D, the latter prob-

lem is solved by finding an approximate minimizer of population loss LD(w) := Eℓ∼D[ℓ(w)] given

1. Not to be confused with the alternative use of stochastic optimization, where one assumes access to a noisy gradient
oracle. While related, these settings are distinct. We will refer to this other setting as the stochastic oracle setting.
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independent samples from D. Such problems have been studied for decades under a variety of reg-
ularity conditions on the loss, most commonly L-Lipschitzness and/or β-smoothness (i.e. Lipschitz
continuous gradients). The runtime efficiency of such algorithms is often measured in the number
of first-order oracle calls (i.e. gradient and loss evaluations) made during the optimization proce-
dure. Such characterizations date as far back as the work of Nemirovski and Yudin (Nemirovsky
and Yudin, 1985), which showed that the oracle complexity is Θ(min

{
d log(1/α), 1/α2

}
) for min-

imizing a single (i.e. n = 1) non-smooth function 2.
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Figure 1: Summary of best known oracle complex-
ity upper bounds and our lower bound for achieving
optimal DP-SCO excess risk rate O( 1√

n
+

√
d

n ), ignor-
ing log factors and dependence on privacy parameters.
The best upper bounds for private oracle methods is
given by the minimum of Asi et al. (2021) and Kulka-
rni et al. (2021). One work, Carmon et al. (2023), im-
proves this rate in low dimensions with an algorithm
that does not satisfy oracle privacy.

The power of this framework combined
with modern privacy concerns has resulted in
a rich literature studying differentially private
(DP) analogs of these problems (Chaudhuri
et al., 2011; Bassily et al., 2014, 2019; Feld-
man et al., 2020; Kulkarni et al., 2021; Asi
et al., 2021; Choquette-Choo et al., 2025). For
over a decade, it has been known that the best
achievable asymptotic rate of the excess empir-
ical risk for ERM under (ϵ, δ)-DP (DP-ERM)
is α∗ϵ,δ := BL

√
d log(1/δ)/(nϵ), which was

first achieved in O(n2) running time using DP-
SGD, (Bassily et al., 2014). The optimal rate
for SCO under (ϵ, δ)-DP (DP-SCO), which is
Θ(α∗ϵ,δ +

BL√
n
), was established subsequently,

albeit with even higher runtime overhead (Bass-
ily et al., 2019). Various works have grad-
ually improved the runtime of DP-SCO/DP-
ERM since. Figure 1 summarizes the current
best known upper bounds.

Despite a large body of work on improving
runtime upper bounds for DP optimization, and
the importance of characterizing DP runtime re-
peatedly cited as an important open problem (Bassily et al., 2020; Kulkarni et al., 2021; Carmon
et al., 2023), oracle complexity lower bounds that leverage DP are virtually non-existent. Our re-
sults complement past work, which has proven fundamental utility costs to ensuring privacy, by
finally showing that a class of DP optimizers incurs significant running time cost as well. To our
knowledge, ours are the first oracle complexity lower bounds to leverage differential privacy beyond
the local privacy model.

Proxy oracles. Our main result is a lower bound on the oracle complexity of non-smooth ERM/SCO
with access to a private “proxy” oracle. In our proxy oracle model, at round t, an optimizer sends
Mt gradient queries (Mt may be adaptively chosen) to the proxy oracle. The proxy oracle then
computes a minibatch of Mt gradients using the true gradient oracle, and sends a response to the
optimizer. By way of example, the commonly studied stochastic oracle can be considered a type
of proxy oracle which responds with noisy estimates of the true gradients. Ideologically, however,

2. The lower bounds in Nemirovsky and Yudin (1985) are loose by log factors for randomized algorithms. This gap has
since been closed (Braun et al., 2017).
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stochastic oracles have generally been studied from an adversarial perspective (i.e. worst case noise)
whereas we are interested in cooperative proxy oracles, i.e. best case proxies satisfying some con-
straint. Private proxy oracles are those whose messages are a ρ-zCDP (zero concentrated differential
privacy) processing of the true oracle responses. We remark that even when providing approximate
DP guarantees of the overall process, DP optimizers generally use zCDP oracles due to favorable
“moment’s accounting” composition guarantees (Abadi et al., 2016; Bun et al., 2018a). A common
case for private oracle methods is for the proxy oracle response to be an estimate of the gradient,
often perturbed by Gaussian noise, as in the canonical DP-SGD algorithm. However, our frame-
work allows arbitrary messages. To make the most direct comparison to traditional oracle lower
bounds, we still measure the overall oracle complexity of the algorithm in the number of calls to the
true gradient oracle (i.e. the sum of the minibatch sizes). The formal definition of the proxy oracle
model is given in Section 2.

As common examples, methods which apply zCDP mechanisms to disjoint minibatches, thus
obtaining privacy via parallel composition, and also methods which apply zCDP mechanisms to
randomly sampled minibatches, obtaining privacy via advanced composition and amplification via
subsampling, both fall into the private oracle framework. However, the private oracle model places
no restrictions on data reuse or how minibatches are sampled. Because of this, it is possible to
construct private oracle methods which do not lead to a DP optimizer. It is perhaps surprising
that our lower bound still holds for such methods, and arises merely from leveraging the fact that
information about the loss passes through a differentially private channel.

Our oracle model is motivated by several factors. Most obviously, it provides insight into design
limitations of private optimizers more generally. Notably, when d ≥ (α∗ϵ,δ)

−4, the fastest known
method for DP-SCO is a private oracle method (Asi et al., 2021). Techniques aside, a myriad
of important scenarios naturally lend themselves to private oracle settings. One example is when
the optimization procedure is being performed by an untrusted server communicating with nodes
holding data, potentially from multiple individuals, as occurs in federated learning (Lowy and Raza-
viyayn, 2023). A common scenario is for the server to make gradient queries to the nodes, and thus
ensuring privacy in this setting means the nodes send only privacy preserving messages about the
gradients back to server. Another example is when intermediate models obtained during optimiza-
tion need to themselves be used or released. Private oracle methods provide a versatile way to
guarantee privacy of the entire collection of models generated during training. As such, the study of
private oracle methods not only serves to provide insight into private optimization more generally,
but is a meaningful algorithm class in its own right. Further, while there have been theoretical algo-
rithmic advances in DP optimization in more structured settings, such as smooth or low dimensional
problems (Feldman et al., 2020; Carmon et al., 2023), private oracle methods remain the dominant
method in practice, for both convex and non-convex settings (Yu et al., 2021; Ponomareva et al.,
2023; Cummings et al., 2024). Finally, by studying private oracle methods, we are, as our lower
bound shows, able to characterize the effect of batch sizes on private training dynamics. Our results
formally show the negative impact of small batch sizes on private learning, a phenomenon which
has been explored in previous work, but without a minimax characterization (Räisä et al., 2024;
Ponomareva et al., 2023). This contrasts sharply with the non-private setting, where lower bounds
show that ω(1) batch sizes worsen runtime, at least for d = Ω̃(1/α4) (Bubeck et al., 2019).
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1.1. Results

Non-smooth loss, private oracle. In the non-smooth setting when d > 1/α2, we show any opti-

mizer interacting with a private oracle has expected running time Ω
(
min{ 1

α2 (
√

d
ρ+

d
m̄ρ),

d
log(1/α)}

)
,

where ρ is the zCDP privacy parameter of the proxy oracle and m̄ is some (possibly infinite) up-
per bound on the batch sizes. We further show this lower bound is tight for private oracle meth-
ods when d ≥ 1/α4 by providing a more general analysis of the DP-SGD algorithm. Even in
the regime d ∈ [1/α2, 1/α4], where our lower bound is Ω̃(d), it is still stronger than the non-
private lower bound of Ω(1/α2). Of particular note is the case ρ = 1, α = α∗ϵ,δ, and m̄ = ∞,

in which our lower bound is Ω( n2ϵ2√
d log(1/δ)

), nearly matching the best known upper bound for gen-

eral (ϵ, δ)-DP optimizers in the regime d ≥ (α∗ϵ,δ)
−4. The Õ(d) limit on our lower bound can

be removed for algorithms that make at most d unique queries to the private oracle. As such,
one particularly relevant consequence of our result pertains to the ubiquitous DP-SGD algorithm.
Given a minibatch estimate of the gradient, gt, at parameters wt, DP-SGD updates parameters via
wt+1 = ΠW [wt − η(gt +N (0, Idσ2))].

Corollary 1 (Informal corollary of Theorem 5) Let A be an α-accurate (for non-smooth losses) im-
plementation of DP-SGD with batch size m. Then its running time is Ω

(
min

{√d+d/m
α2 , dm

log(1/α)

})
.

To our knowledge, outside of the local privacy model, ours are the first results which formally
show that a class of private optimizers suffer worse runtime compared to their non-private counter-
parts. Even for the DP-SGD algorithm specifically, which is the backbone of DP optimization in
practice and the subject of intense study, we are unaware of prior work formally showing runtime
costs due to privacy.

Non-smooth loss, information limited oracle. Our proof technique uses information theoretic
tools, and thus naturally extends to proxy oracles which transmit at most Γ bits of information
to the optimizer. For such oracles, we show that Ω

(
min{ d

α2Γ
, d
log(1/α)}

)
expected running time

is necessary. Compared to classic lower bound constructions in non-smooth optimization, which
require the optimizer to discover 1/α2 vectors/gradients embedded in the loss function, our lower
bound shows that, ultimately, the optimizer must indeed use “the entirety” of each of the gradients.
This establishes fundamental limits for gradient quantization strategies in machine learning, which
have received substantial interest due to the prominence of distributed gradient methods (Alistarh
et al., 2017; Stich et al., 2018; Mayekar and Tyagi, 2020b; Faghri et al., 2020; Wang et al., 2023).

Smooth loss, private optimizer. In the smooth case, for (ϵ, δ)-DP ERM algorithms (with access
to a true oracle), we show a lower bound on expected running time of Ω

( √
d

α
√

log(1/δ)
+min{ 1

α2 , n}
)
,

and provide upper bounds which show this is nearly tight. We note previous work has provided tight
upper bounds for α = α∗ϵ,δ (Feldman et al., 2020), but by generalizing these methods, we show the
lower bound is tight up to log factors for all α. Recent upper bounds show our lower bound cannot
be improved via the private oracle model (Choquette-Choo et al., 2025), at least for optimal error.

Between DP-ERM and DP-SCO. In Appendix F.1, we give a reduction showing that for any
α, DP-SCO is no harder than DP-ERM, up to log factors. This result follows fairly directly from
combining existing results. The reverse reduction was shown in (Bassily et al., 2019). For this
reason, we focus on DP-ERM in this work.
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1.2. Techniques

Techniques for lower bounding oracle complexity generally live in one of two disjoint classes. The
first class is the “vector discovery” framework, were the loss function is randomly instantiated
via a collection of K > 0 random vectors from Rd. One then tries to argue that, in order to
minimize the loss function, the optimizer must observe each vector by having it returned from the
oracle. As an example, a staple of such techniques is the so-called Nemirovski function, defined
as N (w) = maxj∈[K] {⟨w,Xj⟩ − jγ}, for random “problem vectors” X1, ..., XK ∈ Rd and offset
γ ≥ 0. The second class of lower bounds use information theoretic methods. Here, the loss is
randomly sampled from a distribution with high entropy. One then argues that loss minimization
requires obtaining high mutual information with the loss (i.e. identifying the loss instance).

Our technique for non-smooth losses uses elements from both these approaches. We use a
Nemirovski-like loss function of the form, L(w) = max

{
maxk∈[K] {| ⟨w,Xk⟩ − α|} , ∥ΠV w∥

}
,

where X1, ..., XK are problem vectors in Rd and ΠV is the orthogonal projection onto some sub-
space V , which is orthogonal to Span(X1, . . . , XK). When n > 1, our construction simply copies
this function n times. In our analysis we show that the optimizer must discover each problem vec-
tor. But in contrast to previous analysis in the vector discovery framework, “discovery” requires
obtaining high mutual information with each Xk. This is in part possible due to the presence of the
regularization term, ∥ΠV w∥, which will become more apparent in our proof. A crucial step in our
proof is showing that the optimizer is unable to adequately learn V unless it makes Ω(d) queries.

On the other hand, we also diverge from existing information theoretic techniques in how we
track mutual information. Previous techniques essentially upper bound I(W ;L), where W is the
candidate solution. Clearly, we cannot hope to show more than I(W ;L) ≥ d log(d/α) is necessary,
since w∗ = minw∈W {L(w)} can be communicated in Õ(d) bits. Our solution to this bottleneck
is to instead track the sum

∑K
k=1 I(Xk;W |X̸=k). Under the correct distribution, estimating Xk

is still a difficult/high-dimensional problem, even under knowledge of X̸=k, allowing us to show
that this sum must be Ω(dK). Crucial to this analysis is bounding the information leaked about
Xk when the oracle does not return Xk, as each oracle response depends on all of L. Previous
information theoretic oracle lower bounds often circumvent this issue by considering linear/simple
losses, where the query point is largely irrelevant to the gradient. In our case, because we are
tracking the conditional information I(Xk;W |X̸=k), when O(w) does not return Xk, we can show
the oracle response is just the answer to a log(K) bit question about Xk, and thus leaks little
information. This information is small enough that we can then argue the only efficient way to
obtain information about Xk is by making oracle queries that return Xk.

For proxy oracles with bounded information capacity, even oracle responses which return Xk

may not reveal sufficient information to estimate it. We can then use the above ideas to lower bound
the runtime by lower bounding the number of times the optimizer must get the oracle to return Xk.
In the private case, controlling the amount of information leaked is more technical. While it is true
that ρ-zCDP mechanisms run on a dataset of (random) size M leak at most ρE[M2] bits, such a
bound is too weak to achieve our lower bounds, and a more careful accounting of the information
gain must be used.

1.3. Related work

To our knowledge, all existing work which leverages privacy for oracle complexity lower bounds
considers the local model of privacy, of which the most relevant is Acharya et al. (2021). In the
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language of our framework, they study the case where the private oracle always has batch size 1,
satisfies ϵ-pure differential privacy, and itself only has access to a stochastic oracle, rather than a
true oracle. In this setting, they show Ω( d

α2ϵ2
) queries are necessary. In the same setting but with

an Γ-information limited oracle they show a lower bound of Ω( d
α2Γ

). Their assumption that the
private/information limited oracle only has access to a stochastic oracle is significant, and without
it their lower bound would lose its polynomial dependence on α, as the loss they consider is linear,
and so only Õ(d) bits need to be transmitted before the optimizer can obtain the solution.

Outside of privacy, there is a substantial literature on oracle complexity bounds. For finite
sums (i.e. n > 1), and sufficiently large dimension, Woodworth and Srebro (2016) proved a com-
plexity lower bound in the non-smooth case of Ω̃

(
min{ 1

α2 , n+
√
n
α }
)

and, in the smooth case,
Ω̃(min{ 1

α2 , n+
√

n
α}), which are nearly tight (Johnson and Zhang, 2013). Their loss construction

is very distinct from ours. Closer constructions to ours can be found in Bubeck et al. (2019) and
Marsden et al. (2022), which study the oracle complexity of highly parallelized and memory lim-
ited optimization respectively. Their loss constructions resembles ours in the sense that they use
a Nermivoski-like function combined with a “regularizer”, but in both cases the form and analysis
of their regularizer differs substantially from ours. Examples of works using information theoretic
techniques include (Agarwal et al., 2012; Braun et al., 2017; Gopi et al., 2022). However, the source
or hardness in all these methods come from the difficulty of estimating (at most) Õ(d) bits, mak-
ing them fundamentally distinct from our method. We note also Braun et al. (2017) considered
algorithms with randomized running time, as we do.

The technique for our lower bound in the smooth case is more related to work on lower bounds
for DP mean estimation (Bun et al., 2018b; Dwork et al., 2015). A reduction between (smooth)
optimization and mean estimation was shown in Bassily et al. (2014).

Finally, outside of (Acharya et al., 2021), other works have studied the complexity implications
of communication limitations in optimization (Mayekar and Tyagi, 2020a,b; Huang et al., 2022;
Salgia et al., 2025), but these works still assume the proxy oracle only has access to a stochastic
oracle and quantizes only a single gradient. The works (Arjevani and Shamir, 2015; Woodworth
et al., 2021; Scaman et al., 2019) studied distributed optimization lower bound under different com-
munication constraints, which are not directly comparable to information capacity limitations.

2. Preliminaries

Notation. We let B(r) denotes the d-dimensional Euclidean ball with radius r centered at zero.
For a set of vectors S, ΠS denotes the orthogonal projection onto Span(S) and Π⊥S denotes the
projection onto the orthogonal complement; ΠS,S′ is the projection onto Span(S)∪Span(S′). When
W is a compact set, we use ΠW as the projection onto W itself. We let ρX denote the law of X
and use ρ(x) when disambiguation is obvious by context. For a collection of random variables,
A1, ..., AT , we denote A = [A1, ..., AT ], A≤t = [A1, . . . , At] and similarly for A<t and A ̸=t. We
define α∗ϵ,δ := BL

√
d log(1/δ)/(nϵ).

Information theory. For a discrete random variables X and Y , the entropy and mutual infor-
mation is defined as H(X) =

∑
x x log(1/ρ(x)) and I(X;Y ) =

∑
x

∑
y ρ(x, y) log

( ρ(x,y)
ρ(x)ρ(y)

)
respectively. We take log to be the natural logarithm, such that entropy/information is measure
in nats. For arbitrary random variables, the more general definition can be used; I(X;Y ) =
supP,Q {I([X]P ; [Y ]Q)}, where the supremum is over all finite partitions of the support, and [X]P
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denotes the quantization of X via the partition of its support, P (Cover and Thomas, 2006). We
define the information capacity of a function as follows.

Definition 2 (Information Capacity, Cover and Thomas (2006)) The information capacity, Γ, of
a randomized function, f : X 7→ Y , is Γ = maxρX {I(f(X);X)}, where the maximum is over all
distributions supported on X .

The most basic example of a function with information capacity at most Γ is one whose range is
{0, 1}Γ. We will also frequently use the fact that the α-packing number of B(r), i.e. the size of
the largest set of vectors V ⊆ B(r) such that ∀v, v′ ∈ V : ∥v − v′∥ ≥ α, lies in [(r/α)d, (3r/α)d]
(Vershynin, 2018).

Differential privacy. An algorithm A is (ϵ, δ)-differentially private if for all datasets S and S′

differing in one data point and all events E in the range of the A, we have, P [A(S) ∈ E ] ≤
eϵP [A(S′) ∈ E ] + δ (Dwork et al., 2006). An algorithm A is ρ-zero concentrated differentailly pri-
vate (zCDP) if for all datasets S and S′ differing in one data point and all α ∈ (1,∞), it holds that
Dα(A(S)||A(S′)) ≤ ρα, where Dα(X||Y ) = 1

α−1
∫
ρX(x)αρY (x)

1−αdx denotes the α-Rényi
divergence (Bun and Steinke, 2016).

First order optimization. We consider the problem of minimizing finite sum losses. For a set
of n > 0 losses L = {ℓ1, ..., ℓn}, with some abuse of notation we let L(w) = 1

n

∑
ℓ∈L ℓ(w).

We consider the case where each ℓi is L-Lipschitz and possibly also smooth, over a compact con-
vex set W ⊂ Rd of diameter at most B. Denoting w∗ = argminw∈W {L(w)}, we define the
suboptimality/excess empirical risk of w as L(w) − L(w∗). In the DP-SCO problem, we assume
{ℓ1, ..., ℓn} ∼ Dn for some distribution D, and call Eℓ∼D[ℓ(w)]− argminw′∈W{Eℓ∼D[ℓ(w

′)]} the
excess population risk. First order oracles are a common way to model the interaction between the
optimizer and loss function. In our work, we also consider optimizers of the form of Algorithm 1
interacting with a proxy oracle.

Definition 3 (First Order Oracle) For losses L = {ℓ1, ..., ℓn}, a first order oracle O = OL is a
function satisfying O(r, i) ∈ {(ℓi(r), g) : g ∈ ∇ℓi(r)}; here ∇ denotes the subgradient.

Definition 4 (Proxy Oracle) Given an oracle O, a (first order) proxy oracle Õ is an algorithm of
the form given by Algorithm 2. For some range Y and any side information ⊥, it is uniquely defined
by the set of possibly randomized response functions Õ⊥ : (R× Rd)∗ 7→ Y .

We emphasize that the response of the proxy oracle need not be an estimate of the gradient, or even
a vector in Rd. As examples, the oracle could return an estimate of gradient variation (see e.g. Arora
et al. (2023)), a sketch of the entire gradient minibatch, or even updated model parameters. When
every Õ⊥ has information capacity at most Γ, we call the oracle Γ-information limited. When every
Õ⊥ is a ρ-zCDP mechanism (with respect to its dataset of gradients), we call Õ a ρ-private oracle.
We also consider a relaxation of this requirement to truncated CDP in Appendix C.2.

In the protocol defined by Algorithms 1 and 2 we refer to a batch as the set of non-adaptive
queries made at some iteration t ∈ [T ]. The non-adaptivity assumption is necessary both for this
framework to be meaningful and for our lower bounds to hold; otherwise, one could push the entirety
of any optimization algorithm into one call of the proxy oracle. In this case, A only needs to be a
differentially private aggregator of some dataset of T gradients, which is much weaker than even
assuming A is a private optimizer. Consequently, it is possible to achieve faster algorithms; see
remark in Appendix D.2.
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Algorithm 1 Interaction protocol for optimizer, A, and proxy oracle, Õ.

Require: Lipschitz parameter L, Constraint set W of diameter at most B
1: Set t = 1
2: while A chooses to continue do
3: For Mt ≥ 0, choose Mt queries, (Rt,1, It,1), ..., (Rt,Mt , It,Mt) ∈ Rd × [n] to send to Õ
4: Receive Yt from Õ
5: t = t+ 1
6: end while
7: T = t− 1, and let T̄ be the number of unique vectors in {Rt,l}t∈[T ],l∈Mt

(for analysis only)
Output: A releases solution: W ∈ W

Algorithm 2 Proxy oracle, Õ.

Require: Batch size m > 0, Queries {(Rt,l, It,l)}ml=1, Iteration t > 0, Side information ⊥
1: Compute first order information Gt = {Gt,1, ..., Gt,m} where Gt,l = O(Rt,l, It,l)

Output: Yt = Õ⊥(Gt,1, ..., Gt,m)

Runtime characterization. For any B,L, β ∈ R+ ∪ {∞}, let FL,β denote the set of all L-
Lipschitz β-smooth loss functions over Rd and KB denote the collection of all convex sets inside
B(B). Let ExTime(A, Õ,OL,W, α) denote the expected running time of A (measured in the
number of evaluations of the true oracle OL) needed to achieve expected suboptimality α on L,
when run with (proxy) oracle Õ on constraint set W . We then define the worst case running time,
Time(A, Õ, α,B, L, β) = sup

W∈KB

sup
L∈Fn

L,β

sup
OL

{
ExTime(A, Õ,OL,W, α)

}
, where the supremum

over OL is taken over valid true oracles for L; note the only flexibility is in how the oracle resolves
the subgradient. We will consider different classes of algorithms throughout, and so it is useful for
notation to omit for now any quantifiers over A, Õ that would specify minimax complexity. We
say an algorithm is α-accurate for (F ,K) if for any L ∈ F and W ∈ K it yields a solution with
expected suboptimality at most α.

3. Non-smooth optimization with private oracles

Our main result is a lower bound on the oracle complexity of optimization via private oracles in the
large scale regime (i.e. d ≥ 1/α2). Compared to optimization with access to a true oracle, whose
complexity is Θ(1/α2) in this regime, our lower bound shows that optimization via a best-case
private oracle incurs a dimension dependent runtime penalty.

Theorem 5 Let C2 be a universal constant. Let A be any optimizer satisfying the form of Algorithm 1
and E

[
T̄
]
≤ d

640 log(BL/α) . Let Õ be any proxy oracle such that each Õ⊥ is ρ-zCDP. If d ≥ C2B2L2

α2

then, Time(A, Õ, α,B, L,∞) = Ω
(
L2B2

√
d

α2√ρ
)
. If for some m̄ > 0, ∥M∥∞ ≤ m̄ w.p. 1, then

additionally, Time(A, Õ, α,B, L,∞) = Ω
(
L2B2d
α2m̄ρ

).

The full proof is in Appendix B. We also provide a detailed sketch after the following discussion.
The unique query assumption expands the applicability of the lower bound when considering algo-
rithms such as DP-SGD, which query the oracle many times at a single point each iteration. Observe
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that if we drop the assumed bound on E
[
T̄
]

we obtain a lower bound of Ω
(
min{

√
d

α2√ρ ,
d

log(1/α)}
)
,

and similarly in the case where m̄ is bounded 3. Also, the same lower bound holds for DP-SCO
via a reduction; see Appendix F.2. While it is not clear whether the Ω(d/ log(1/α)) term in this
bound is tight, upper bounds from Kulkarni et al. (2021) show that for some regime of α and ρ,
the bound must be weaker than

√
d

α2√ρ when d is roughly less than 1/α4. Specifically, (Kulkarni
et al., 2021, Theorem 4.11) provides an algorithm which, for any ϵ, δ ∈ [0, 0.5], is α∗ϵ,δ-accurate,

uses a ρ′-zCDP oracle with ρ′ = ( ϵ
log(1/δ)), and runs in time O

(
n3/2ϵ

d1/8 log1/4(1/δ)
+ n2ϵ2

d log(1/δ)

)
. This

is faster than
√
d

(α∗
ϵ,δ)

2ρ′ when d < log(1/δ)/(α∗ϵ,δ)
4. We also know the lower bound is tight when

d ≥ log2(1/α)
α4ρ

and m̄ ≥ 1/(α2ρ) due to the following.

Theorem 6 Let α, m̄, ρ > 0. There exists an algorithm of the form given by Algorithm 1 which,
using a ρ-zCDP proxy oracle, is O(α)-accurate for (Fn

L,∞,KB), and runs in O
(
B2L2

α2

(√
d√
ρ + d

m̄ρ

))
gradient computations. Further, for ϵ, δ ∈ [0, 1], the algorithm is (ϵ, δ)-DP when run with parame-
ters α ≥ 26α∗ϵ,δ and ρ = 1

log(1/δ) .

The algorithm in question is simply DP-SGD with a careful tuning of the hyperparameters; see
Appendix C.1 for a description and proof. Further, using our reduction in Appendix F.1, this result
implies essentially the same upper bound for DP-SCO for any α ≥ 1/

√
n. Note the running time

does not depend on the final desired choice of ϵ. Rather, the running time only indirectly depends
on ϵ in that ϵ affects the minimum achievable error. Furthermore, at α = Θ(α∗ϵ,δ), the running time

is O
(

n2ϵ2√
d log(1/δ)

)
, which we note improves upon the previous best ERM rates (implicit in Bassily

et al. (2019); Asi et al. (2021)) by a
√
ϵ factor.

Remark 7 The discrepancy between the privacy notion used for the proxy oracle, zCDP, and the
notion used for the final guarantee of DP-SGD, approximate DP, stems from zCDP’s inability to be
amplified via subsampling and the poor group privacy properties of approximate DP. Regardless,
most algorithms in the literature that fit in the proxy oracle model use a zCDP oracle, even when
providing approximate DP guarantees for the overall algorithm. In part, this is because zCDP
enables composition guarantees which are tighter than what one would obtain with an approxi-
mate DP oracle (Abadi et al., 2016; Bun et al., 2018a). Both our upper and lower bounds can
be rephrased using the notion of truncated CDP, which is weaker than zCDP and stronger than
approximate DP. We provide these details to Appendix C.2. Whether the relaxation provided by an
approximate DP oracle is meaningful enough to provide stronger running time upper bounds is a
possible direction for further research.

3.1. Proof sketch of Theorem 5 (Full proof in Appendix B)

Hard problem instance. For this sketch we will assume L = B = 1. To prove our result, we
construct a hard distribution over loss functions. Let W = B(1). Let K = 1

C1α2 for some constant
C1, We sample V as a uniformly random d/2-dimensional subspace and X = {X1, . . . , XK} as
a uniformly random set of orthonormal vectors sampled orthogonal to V . We then define ℓi(w) =
ℓ(w) := max

{
maxk∈[K] {fk(w)} , h(w)

}
,∀i ∈ [n], where ∀k ∈ [K], fk(w) = | ⟨w,Xk⟩ − C1α|

3. We will omit factors of B and L in our discussions for simplicity. They can be obtained by replacing α with α/(BL)

9
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and h(w) = 2∥ΠV w∥. As the loss construction of interest is the same for each i ∈ [n], from here
on we will ignore the query indices, {It,l}t∈[T ],l∈[Mt]

, in the queries made the oracle.

Overview. Roughly, we will establish Theorem 5 by proving upper and lower bounds on the sum∑K
j=1 I(W ;Xk|X̸=k, V ). The information upper bound will leverage properties of both the private

oracle, Õ, and true oracle, O, to control the information leaked about Xk in terms of the number
of times Xk is returned by the true oracle. The information lower bound will leverage the structure
of the loss function, and the difficulty of learning the regularizing subspace V . It will be helpful
to consider the mutual information with respect to an appropriately O(α)-accurate discretization of
C1αXk, which we will denote as X̂k respectively.

Bounding Information Obtained. To describe our information upper bound we introduce the
random variables {Qt,l}, which track the oracle response indices. Specifically, for t ∈ [T ] and
l ∈ [Mt], Qt,l = k if O(Rt,l) = (fk(Rt,l),∇fk(Rt,l)) and equals K + 1 otherwise. Further, for
each k ∈ [K], define Cntk : {0, . . . ,K + 1}∗ 7→ Z as, Cntk(q) = | {l ∈ [length(q)] : ql = k} |. In
words, Cntk(Qt) is the number of times O evaluates via fk in the minibatch used at iteration t. We
will also extend the random variables defined in Algorithms 1 and 2 by defining Yt,l = 0 for t > T
or l ≥ Mt, and similarly for Q,R, G, and M . Recall T̄ is a random variable corresponding to the
number of unique vectors in {Rt,l}t∈[T ],l∈[Mt]

. We now have the following.

Lemma 8 Under the assumptions of Theorem 5, for any k ∈ [K] it holds that, I(W ; X̂k|X̸=k, V ) =

O
(
E
[∑∞

t=1min{ρ · Cnt2k(Qt), d}
]
+ E

[
T̄
]
log(K)

)
; expectation is taken w.r.t. A, Õ, X , V .

Proof sketch of Lemma 8 (Full proof in Appendix B.1). Throughout the following we condition
on V = v and X̸=k = x ̸=k for some v, x ̸=k in their support. To simplify expressions, we will let Pt

denote the random variable containing Y<t and all content sent by A to Õ up through t.
First observe that the information any Qt contains about X̂k is bounded by its entropy, which

is at most log(K + 1). Thus, via applications of the chain rule, the total information obtained can
be decomposed into a bound on the information obtained from the Q random variables and the
information obtained from the DP mechanisms,

I(W ; X̂k) ≤ E
[
T̄
]
log(K + 1) +

∞∑
t=1

I(Yt; X̂k|Q≤t, Pt). (1)

What remains is to bound
∑∞

t=1 I(Yt; X̂k|Q≤t, Pt), the information obtained from the DP mech-
anisms. Recall Gt is the first order information returned by Õ during round t. Observe that if we
condition on Qt = qt for some qt (recalling we have already conditioned on X̸̂=k = x̂ ̸=k), the only
randomness left in Gt is in Xk. Let Gt(xk) denote the induced realization of Gt when Xk = xk
under such a conditioning. We now have,

I(Yt; X̂k|Qt = qt, Pt = pt) ≤ I(Yt;Xk|Qt = qt, Pt = pt)

= E
xk←Xk

[
KL
(
Õ⊥(Gt(xk))

∣∣∣∣ Õ⊥(Gt)
)]

≤ E
xk,x

′
k←Xk

[
KL
(
Õ⊥(Gt(xk))

∣∣∣∣ Õ⊥(Gt(x
′
k))
)]

≤ Cnt2k(qt)ρ. (2)

10
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The KL divergence is between the induced conditional distributions given Qt = qt and Pt = pt
(as well as X̸=k = x ̸=k, and V = v). The first three steps use standard properties of mu-
tual information and KL divergence: discretization does not increase information, I(A;B) =
EB[KL(A|B || A)], and convexity of KL divergence. The last inequality uses the fact that we have
conditioned on Qt = qt, as well as the definition of zCDP and its group privacy properties (i.e., that
ρ-zCDP implies s2ρ-group-zCDP for groups of size s). We have an additional upper bound on the
mutual information via entropy,

I(Yt; X̂k|Qt = qt, Pt = pt) ≤ H(X̂k|Qt = qt, Pt = pt) = O(d). (3)

The last equality uses the fact that our chosen discretization of Xk is of size 2O(d). Thus after
consolidating Eqns. (2) and (3) and taking appropriate expectations we have I(Yt; X̂k|Q≤t, Pt) ≤
O
(
E
[
min{ρ · Cnt2k(Qt), d}

] )
. Plugging this into Eqn. (1) completes the proof.

Bounding Information Needed. We now bound the information needed in the following lemma.

Lemma 9 Let d > C2
α2 . Under the problem distribution given at the start of Section 3.1, if A is of

the form given by Algorithm 1 with E
[
T̄
]
≤ d

160 log(1/α) , then mink{I(W ; X̂k|X̸=k, V )} = Ω(d).

Proof sketch of Lemma 16 (Full proof in Appendix B.2) Fix some k ∈ [K]. Our informa-
tion lower bound starts by leveraging a variant of Fano’s method, from which we obtain that any
estimator Ŵ satisfies,

P
[
∥Ŵ − X̂k∥ ≥ 40α

]
≥ 1

2
− 8 ·

I(Ŵ ; X̂k|X̸=k, V )) + 1

d
. (4)

With this in hand, we would like to construct an accurate estimator from W using a bounded amount
of additional information. In this regard, first observe that for every possible instantiation of X and
V , there exists a minimizer, w∗ = C1α

∑K
k=1Xk, with 0 loss. Thus the accuracy condition of the

optimization problem alone guarantees that E[|⟨W,Xk⟩ − C1α|] ≤ α and E[∥ΠV W∥] ≤ α. The
problematic piece is the component of W in the “unpenalized” subspace, which is Π⊥X,V W . This
component may be large even if W has small loss. Further, while it would be easy enough to project
out the components of W in Span(X̸=k) and V because we are considering the conditional mutual
information, projecting out the component in the orthogonal complement of Span(X) ∪ V would
add too much information, as it localizes Xk to a small dimensional subspace. A key step will be
to show that unless A makes enough (i.e. Ω(d)) oracle queries to learn V , it cannot leverage the
unpenalized subspace.

With this in mind, we now sketch how to construct the modified estimator, Ŵ . Let Z =
{Zt,l}t∈[T ],l∈[Mt] be defined as Zt = ∇h(Rt,l) and let O = {Ot,l}t∈[T ],l∈[Mt]

be such that Ot,l

is the unit vector orthogonal to Zt,l in the plane spanned by Zt,l and Rt,l (regardless of whether or
not the oracle response at query Rt,l is the gradient of h). The important point for this sketch is that
each Zt,l ∈ V and each Ot,l is in the orthogonal complement of V . We then take Ŵ roughly equal to
Π⊥X,SΠ

⊥
ZW , where S is the orthogonal complement of Xk inside Span(O). The actual construction

Ŵ uses a modified version of S to ensure no more than d
160 bits of information about X̂k are added.

Importantly, we can show that so long as the A does not take advantage of the unpenalized sub-
space, Ŵ accurately estimates X̂k and thus Eqn. (4) yields an information lower bound. We finish
with the the following lemma, which indeed shows A cannot leverage the orthogonal complement
of Span(X) ∪ V (the unpenalized subspace).

11
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Lemma 10 Let S be the orthogonal complement of Xk inside Span(O). Then under the conditions
of Lemma 16, P[∥Π⊥X,SΠ

⊥
ZW∥ ≥ 2∥ΠV Π

⊥
X,SΠ

⊥
ZW∥+ 2α] ≤ 1

10 .

The full proof can be found in Appendix B.2; we summarize it here. First, when conditioning on
X = x, we see that the chain V → (O,Z,R) → W is Markovian. Thus it suffices to reason about
the conditional distribution of V given O, Z and R. Put another way, we can characterize what
A would learn about V even if it received ∇h at every query. We show that at best A learns V
is a subspace that contains Span(Z) and is orthogonal to Span(O). Thus, provided the number of
queries is not too large, we can show there is a “leftover” subspace of V , Span(V )\Span(Z), which
is of dimension Ω(d) and has a conditional distribution that is uniform over an Ω(d) dimensional
space. Now the properties of random projection ensure that the component of Ŵ in the unpenalized
subspace is not much smaller than its component in the leftover space. As a result, we can establish
that E[∥Ŵ − X̂k∥] = O(α) and obtain the desired information lower bound from Eqn. (4).

Concluding the proof sketch. (Full details in Appendix B.3). Using the previously described
information upper and lower bounds and summing over k ∈ [K] we obtain,

Ω(dK) =

K∑
k=1

I(W ;Xk|X̸=k, V ) = O
(
E
[ K∑
k=1

∞∑
t=1

min{ρ · Cnt2k(Qt), d}
]
+K log(K)E

[
T̄
] )

.

Using min{ρ · Cnt2k(Qt), d} ≤ Cntk(Qt)min{
√
ρd, ρm̄} and E

[
T̄
]
≤ d

320 log(K) and rearranging

gives the desired lower bound on E
[∑∞

t=1

∑K
k=1 Cntk(Qt)

]
(i.e. the expected runtime).

4. Smooth optimization with private optimizers

We now turn our attention towards the oracle complexity of DP-ERM for smooth functions. For
such functions, we are able to relax the private oracle assumption and only assume that the entire
optimization procedure is differentially private.

Theorem 11 Let δ ≤ 1
16nd , ϵ ≤ log(1/δ), and d be larger than some constant. Assume A is

(ϵ, δ)-DP. Then, Time(A,O, α,B, L, α/B2) = Ω
(

BL
√
d

α
√

log(1/δ)
+min

{
B2L2

α2 , n
})

.

We give the proof in Appendix D.1. Like past lower bounds for excess risk (e.g. Bassily et al.
(2014)), we leverage the difficulty of private mean estimation and the fact that optimizers can solve
mean estimation problems. Concretely, even O(1)-accurate (ϵ, δ)-DP mean estimation requires the
dataset contain n ≥

√
d samples. Our dataset construction uses nα non-trivial datapoints and

n − nα zero vectors. Our lower bound then stems from the fact that after T oracle queries, the
expected number of non-trivial vectors observed is Tα. Then by showing Tα = ω̃(

√
d) is necessary,

we obtain the lower bound. Some care must be taken here, as it is not necessarily true that the
estimator must be (ϵ, δ)-DP with respect to the observed samples; consider for example, privacy
amplification via subsampling. Nonetheless, we can still show the observed samples cannot be
“traceable”, allowing us to provide similar guarantees. For this reason however, the lower bound
does not scale with ϵ. Our upper bound, presented subsequently, shows this is necessary. The
min{ 1

α2 , n} term in the lower bound holds even for non-private algorithms and can be proved via
standard techniques. A matching upper bound can be obtained by an combing modifications of
existing algorithms, which we provide in Appendix D.2

12



GRADIENT COMPLEXITY OF DP OPTIMIZATION

5. Non-smooth optimization with information limited oracles

Our proof techniques from Section 3 can easily be adapted to provide lower bounds for information
limited oracles. In this section, we consider an individual loss L, i.e. n = 1, such that the objective
is to approximate argminw∈W {L(w)}. We are interested in algorithms of the form of Algorithm
1 (ignoring the query indices) interacting with a proxy oracle of bounded information capacity.

Theorem 12 Let Õ be a Γ-information limited proxy oracle and A an algorithm of the form given
by Alg. 1 with E

[
T̄
]
≤ d

640 log(BL/α) . If d ≥ C2B2L2

α2 then Time(A, Õ, α,B, L,∞) = Ω
(
B2L2d
α2Γ

)
.

Once again, we can drop the unique query limit and more simply lower bound the runtime as
Ω
(
min{ d

α2Γ
, d
log(1/α)}

)
. Note also that it is possible to have Γ = ω(d), which can be reasonable

when the batch sizes are ω(1). The proof of this result follows from a simplified version of the proof
of Theorem 5. We defer this proof and further discussion on this result to Appendix E.
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Appendix A. Supplementary Lemmas

The following lemmas and fact will be used several times throughout the appendix.

Fact 1 Let A be an algorithm with expected running time T and which is α-accurate for (F1,∞,W1)
and W1. Then one run of A can be used in a black box manner to obtain an αBL-accurate algo-
rithm for (FL,∞,WB) with the same oracle complexity.

The above is a standard fact and comes from running A on constraint set Ŵ =
{
w
B : w ∈ W

}
and

loss L̂(w) = L(w/L), and then rescaling the output of A by B.

Lemma 13 Let E,F be linear subspaces of Rd which are orthogonal to each other. Then Π⊥EΠ
⊥
F =

Π⊥FΠ
⊥
E = Π⊥F,E .

Proof Let dE = Dim(E) and dF = dim(F ). Let u1, ..., udE be an orthonormal basis for E, and
udE+1, ..., udE+dF be an orthonormal basis for F . Let udE+dF+1, ..., ud be an orthonormal basis
for the remaining space. For some vector v ∈ Rd, let γj = ⟨v, uj⟩. Now clearly

Π⊥Ev = Π⊥E

d∑
j=1

γjuj =
d∑

j=dE+1

γjuj ,

and similarly for Π⊥F . It is now easy to see the projections commute. Because they commute, the
product of projections is equal to the projection onto the intersection.

We will use the following result on privacy amplification via subsampling with replacement,
which is a minor modification of (Bun et al., 2015, Lemma 4.14).

Lemma 14 Let ϵ, δ ∈ [0, 1] and let M be an (ϵ, δ)-DP algorithm for datasets of size m > 0. Then
if ϵ ≤ min

{
1, n

2m

}
, the algorithm M̃, which on input dataset S of size n, first samples m points

with replacement and then runs M on the result is (ϵ′, δ′)-DP with

ϵ′ = 6ϵ
m

n
and δ′ = 4e(6ϵm/n)m

n
δ.

In contrast to the original statement, this lemma applies when m > n. Obviously, in this regime
the result does not amplify privacy, and rather controls the impact of the likely event in which a
datapoint gets copied into the sampled dataset many times. Nonetheless, this unified phrasing will
be convenient. The proof is nearly identical. Bounding ϵ follows in exactly the same way, and to
bound δ we leverage our additional assumption that ϵ ≤ min

{
1, n

2m

}
. We have copied the proof

from Bun et al. (2015), with the necessary modification, below.
Proof [Proof of Lemma 14] Let D,D′ be adjacent databases of size n, and suppose without loss
of generality that they differ on the last row. Let T be a random variable denoting the multiset of
indices sampled by M̃ and let ℓ(T ) be the multiplicity of index n in T . Fix a subset S of the range
of M̃. For each k = 0, 1, ...,m let

pk = P[ℓ(T ) = k] =

(
m

k

)
n−k(1− 1/n)m−k =

(
m

k

)
(n− 1)−k(1− 1/n)m,

qk = P[M(D|T ) ∈ S|ℓ(T ) = k],

q′k = P[M(D′|T ) ∈ S|ℓ(T ) = k].
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Here, D|T denotes the subsample of D consisting of the indices in T , and similarly for D′|T .
Note that q0 = q′0, since D|T = D′|T if index n is not sampled. Our goal is to show that

P[M̃(D) ∈ S] =

m∑
k=0

pkqk ≤ eϵ
′

m∑
k=0

pkq
′
k + δ′ = eϵ

′
P[M̃(D′) ∈ S] + δ′.

To do this, observe that by privacy, qk ≤ eϵqk−1 + δ so

qk ≤ ekϵq0 +
ekϵ − 1

eϵ − 1
δ

Hence,

P[M̃(D) ∈ S] =

m∑
k=0

pkqk

≤
m∑
k=0

(
m

k

)
(n− 1)−k(1− 1/n)m

(
ekϵq0 +

ekϵ − 1

eϵ − 1
δ

)

= q0(1− 1/n)m
m∑
k=0

(
m

k

)(
eϵ

n− 1

)k

+
δ

eϵ − 1
(1− 1/n)m

m∑
k=0

(
m

k

)(
eϵ

n− 1

)k

− δ

eϵ − 1

= q0(1− 1/n)m
(
1 +

eϵ

n− 1

)m

+
δ

eϵ − 1
(1− 1/n)m

(
1 +

eϵ

n− 1

)m

− δ

eϵ − 1

= q0

(
1− 1

n
+

eϵ

n

)m

+

(
1− 1

n + eϵ

n

)m − 1

eϵ − 1
δ. (1)

Similarly, we also have that

P[M̃(D′) ∈ S] ≥ q0

(
1− 1

n
+

e−ϵ

n

)m

−

(
1− 1

n + e−ϵ

n

)m
− 1

e−ϵ − 1
δ,

Combining inequalities 1 and 2 we get that

P[M̃(D) ∈ S] ≤

(
1− 1

n + eϵ

n

1− 1
n + e−ϵ

n

)m

·

P[M̃(D′) ∈ S] +
1−

(
1− 1

n + e−ϵ

n

)m
1− e−ϵ

δ

+

(
1− 1

n + eϵ

n

)m − 1

eϵ − 1
δ,

proving that M̃ is (ϵ′, δ′)-DP for

ϵ′ ≤ m log

(
1 + eϵ−1

n

1 + e−ϵ−1
n

)
≤ 6ϵm

n
.
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Using m ≥ n/2 and ϵ ≤ min{1, n
2m}, we have,

δ′ ≤ e6ϵ
m
n
1− exp

(
2m
n (e−ϵ − 1)

)
1− e−ϵ

δ +
exp

(
m
n (e

ϵ − 1)
)
− 1

eϵ − 1
δ

≤ e6ϵ
m
n
1− exp

(
−2m

n ϵ
)

1− e−ϵ
δ +

exp
(
2m
n ϵ
)
− 1

eϵ − 1
δ

≤ e6ϵ
m
n

(
2m

n

)
δ + (

2m

n
)δ

≤ e6ϵ
m
n

(
4m

n

)
δ.

Appendix B. Proof of Oracle Complexity Lower Bound (Theorem 5)

It suffices to consider the case when L = 2, B = 1. This is because, by a standard rescaling reduc-
tion, if A is α-accurate for (Fn

L,∞,KB), it can be used to obtain an algorithm which is α/(BL)-
accurate for (Fn

1,∞,K1). See Fact 1 in Appendix A.

Hard problem instance. To prove our result, we construct a hard distribution over loss func-
tions. Let W = B(1). Letting C1 = 480, set K := 1

C2
1α

2 . We will sample V as a uni-
formly random d/2-dimensional subspace and X = {X1, ..., XK} as a uniformly random set
of orthonormal vectors sampled orthogonal to V . Note this is possible since we have assumed
d ≥ C2/α

2. We then define fk(w) = | ⟨w,Xk⟩ − C1α|, h(w) = 2∥ΠV w∥ and, ℓi(w) = ℓ(w) :=
max

{
maxk∈[K] {fk(w)} , h(w)

}
,∀i ∈ [n].

As the loss construction of interest is the same for each i ∈ [n], from here on we will ignore
the query indices, {It,l}t∈[T ],l∈[Mt]

, in the queries made the oracle. At any w ∈ Rd, we have the
true oracle return (fk(w),∇fk(w)) for the smallest valid choice of k, and (h(w),∇h(w)) if no k is
valid.

Proof notation. Before proceeding with the proof, we will need additional notation. First, we
extend the random variables defined in Algorithms 1 and 2 by defining Yt = 0 for t > T and
similarly for Rt, Gt, and Mt. In the following, let Y = {Y1, Y2, ...} and similarly for M ,X,G and
R. Let {Qt,l}t,l∈Z+ be the random variables defined as,

Qt,l =


0 if t > T or l ≥ Mt

k else if O(Rt,l) = (fk(Rt,l),∇fk(Rt,l))

K + 1 else
.

We denote Qt = {Qt,l}l∈[Mt]
. For each k ∈ [K], define, Cntk : {0, . . . ,K + 1}∗ 7→ Z as,

Cntk(q) = | {l ∈ length(q) : ql = k} | and Cntk(q) = min
{
Cntk(q),

√
3C1d/ρ

}
.

In words, Cntk(Qt) is the number of times O evaluates via fk at iteration t. Finally, let T̄ be a
random variable corresponding to the number of unique vectors in {Rt,l}t∈[T ],l∈[Mt]

.
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As we will be bounded the information obtained about each Xk, it will be helpful to consider the
mutual information with respect to a discretization of Xk. Let C be an α-packing and 2α-cover of
B(C1α). Note such a set exists, as any maximal α-packing is also an 2α-cover (otherwise, one could
find another point to add to the packing, a contradiction). We will then characterize the difficulty in
estimating X̂k = argmin

c∈C
{∥C1αXk − c∥}.

Overview. To establish Theorem 5, we will first in Section B.1 upper bound the information ob-
tained during the optimization process. Then, in Section B.2, we will lower bound the information
needed to solve the optimization problem. Doing so involves controlling what the optimizer learns
about the subspace V , which is also analyzed in this section. Finally, in Section B.3 we will con-
clude the proof using these information bounds.

B.1. Bounding Information Obtained.

We will now bound the information obtained about a problem vector in terms of the number of times
it is observed by the proxy oracle.

Lemma 15 Under the assumptions of Theorem 5, for any k ∈ [K] it holds that, I(W ; X̂k|X̸=k, V ) ≤
E
[∑∞

t=1 Cnt
2
k(Qt)

]
ρ+ E

[
T̄
]
log(K + 1), where expectation is taken with respect to A, Õ, X , V .

Proof In the following condition on V = v and X̸=k = x ̸=k for some v, x ̸=k in their support
until otherwise stated. Let R̂t denote the content sent to Õ at round t by A. Since I(W ; X̂k) ≤
I(Y, R̂; X̂k) ≤ I(Y, R̂,Q; X̂k), we start by decomposing the information in Y , R̂ and Q via the
chain rule,

I(W ; X̂k) =

∞∑
t=1

I(Yt, R̂t, Qt; X̂k|Y<t, R̂<t, Q<t)

=

∞∑
t=1

I(R̂t; X̂k|Y<t, R̂<t, Q<t) + I(Qt; X̂k|Y<t, R̂≤t, Q<t) + I(Yt; X̂k|Y<t, R̂≤t, Q≤t)

(i)
=

∞∑
t=1

I(Qt; X̂k|Y<t, R̂≤t, Q<t) + I(Yt; X̂k|Y<t, R̂≤t, Q≤t)

≤
∞∑
t=1

(
Mt∑
l=1

H(Qt,l; X̂k|Y<t, R̂≤t, Q<t, Qt,<l)

)
+ I(Yt; X̂k|Y<t, R̂≤t, Q≤t).

(ii)

≤ E

[ ∞∑
t=1

Mt∑
l=1

log(K + 1) · 1[Rt,l /∈R≤t,<l]

]
+

∞∑
t=1

I(Yt; X̂k|Y<t, R̂≤t, Q≤t)

(iii)

≤ E
[
T̄
]
log(K + 1) +

∞∑
t=1

I(Yt; X̂k|Y<t, R̂≤t, Q≤t). (5)

Step (i) uses the fact that, by data processing, R̂t contains no information about X̂k when condi-
tioned on Y<t. Step (ii) uses the fact that if a query Rt,l is the same as a past query, its (conditional)
entropy is zero, and otherwise the entropy is bounded by log(K + 1). The final step (iii) uses the
fact that the number of unique queries is T̄ .

What remains is to bound
∑∞

t=1 I(Yt; X̂k|Y<t, R̂≤t, Q≤t). To ease notation, define Pt =

(Y<t, R̂≤t). Fix some t ∈ [T ] and note, I(Yt; X̂k|Qt, Pt) = Eqt←Qt [I(Yt; X̂k|Qt = qt, Pt)]. Recall
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Gt is the first order information returned by Õ during round t. Let us now condition on Qt = qt and
recall we have already conditioned on X̸̂=k = x̂ ̸=k. Consequently, the only randomness left in Gt

is in Xk; let Gt(xk) denote the induced realization of Gt when Xk = xk. Conditioning on Qt = qt
and Pt = pt throughout, and letting ⊥ be the induced side information at round t, we have,

I(Yt; X̂k|Qt = qt, Pt = pt)
(i)

≤ I(Yt;Xk|Qt = qt, Pt = pt)

(ii)
= E

xk←Xk

[
KL
(
Õ⊥(Gt(xk))

∣∣∣∣ Õ⊥(Gt)
)]

(iii)

≤ E
xk,x

′
k←Xk

[
KL
(
Õ⊥(Gt(xk))

∣∣∣∣ Õ⊥(Gt(x
′
k))
)]

(iv)

≤ Cnt2k(qt)ρ. (6)

The KL divergence is between the induced conditional distributions given Qt = qt and Pt = pt
(as well as X̸=k = x ̸=k, and V = v). Above, (i) uses the fact that the mutual information for
any quantization of two random variables is upper bounded by the mutual information between the
original random variables. Step (ii) uses the fact that for any random variables A,B, I(A;B) =
EB[KL(A|B ||A)]. Step (iii) uses the fact that the probability distribution of Mt(Gt) can be written
as the expectation of the conditional distribution given Xk and the convexity of KL divergence. Step
(iv) uses the definition of zCDP and it’s group privacy properties; ρ-zCDP implies s2ρ group zCDP
for groups of size s.

We have an additional upper bound on the mutual information via entropy,

I(Yt; X̂k|Qt = qt, Pt = pt) ≤ H(X̂k|Qt = qt, Pt = pt) ≤ log(|C|) ≤ 3C1d. (7)

The last inequality comes from upper bounds on packing numbers. Recall we have defined Cntk(q) =
min{Cntk(q),

√
3C1d/ρ}. After consolidating Eqns. (6) and (7) we further have,

∀qt, pt : I(Yt; X̂k|Qt = qt, Pt = pt) ≤ Cnt
2
k(qt)ρ =⇒ I(Yt; X̂k|Qt, Pt) ≤ E

Q

[
Cnt

2
k(Qt)ρ

]
.

Plugging this into Eqn. (5), I(Y, R̂; X̂k) ≤ E
[∑∞

t=1 Cnt
2
k(Qt)ρ

]
+ E

[
T̄
]
log(K + 1). Recall

we have conditioned on V = v and X̸=k = x ̸=k throughout. Since the above holds for arbitrary
instantiations in their support, we have the same upper bound on I(W ; X̂k|X̸=k, V ).

B.2. Bounding Information Needed.

We now bound the information needed in the following lemma.

Lemma 16 Let d ≥ C2
α2 . Under the problem distribution given at the start of Appendix B, if A is of

the form given by Algorithm 1 with E
[
T̄
]
≤ d

160 log(1/α) , then mink{I(W ; X̂k|X̸=k, V ) ≥ d/160.

We note that the lemma does not assume any structure of the proxy oracle, and thus holds even
for the case when the optimizer interacts with the true oracle. Before giving the proof, we will
require some additional notation. Let Z = {Zt,l}t∈[T ],l∈[Mt]

be the random variables such that
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Zt,l = ∇h(Rt,l). Further let O = {Ot,l}t∈[T ],l∈[Mt]
be such that Ot,l is the unit vector orthogonal

Zt,l in the plane spanned by Zt,l and Rt,l, taken with ⟨Ot,l, Rt,l⟩ ≥ 0 to break ambiguity. If Zt,l and
Rt,l are colinear, define Ot,l to be the zero vector.

To prove the information lower bound, we will also need the following key sublemma.

Lemma 17 Let S be the orthogonal complement of Xk inside Span(O). Then under the conditions
of Lemma 16, P[∥Π⊥X,SΠ

⊥
ZW∥ ≥ 2∥ΠV Π

⊥
X,SΠ

⊥
ZW∥+ 2α] ≤ 1

10 .

Proof [Proof of Lemma 17] Throughout we will use the random variables Z and O defined above
and those defined by Algorithm 1. Let V be the set of all possible d/2 dimensional subspaces of
Rd. Conditioned on a set of gradient oracle queries and responses, let Vgood = Vgood(R,Z,X) ⊂ V
denote the set of subspaces which result in the same set of oracle responses from the true oracle O,
and Vbad = V \ Vgood.

Conditional distribution of V . We will first find the conditional density of v after conditioning
on all randomness generated during the optimization process. We note the density is with respect
to the rotation invariant measures on d/2-dimensional subspaces. Since O and G are completely
determined given X = x,R = r and Z = z, it suffices to find the conditional density given X,R
and Z. We have,

ρ(v|x, r, z, w) = ρ(v|x, r, z) = ρ(r, z|v, x)ρ(v|x)
ρ(r, z|x)

. (8)

The first equality uses that V → (X,R,Z) → W is a Markov chain. Further,

ρ(r≤T , z≤T |v, x) = ρ(zT |r≤T , z<T , v, x)ρ(rT |r<T z<T , v, x)ρ(r<T , z<T |v, x)
...

=

( T∏
t=1

ρ(zt|r≤t, z<t, v, x)

)( T∏
t=1

ρ(rt|r<t, z<t, v, x)

)

=

( T∏
t=1

ρ(zt|rt, v)
)( T∏

t=1

ρ(rt|r<t, z<t, x)

)
.

Now plugging into Eqn. (8) and using ρ(zt|rt, v) = ρ(zt,rt|v)
ρ(rt|v) we have,

ρ(v|x, r, z, w) =
(
ρ(v|x)

T∏
t=1

ρ(zt, rt|v)
ρ(rt|v)

)(
1

ρ(r, z|x)

T∏
t=1

ρ(rt|r<t, z<t, x)

)
.

Observe the second factor on the RHS is independent of v and is thus constant. For the first factor,
since the true oracle O is deterministic, zt is completely determined by rt and v. Specifically, for
any v ∈ Vbad,

(
ρ(v|x)

∏T
t=1

ρ(zt,rt|v)
ρ(rt|v)

)
= 0 because ρ(zt, rt|v) = 0 for some t ∈ [T ]. Alternatively,

if v ∈ Vgood, then ρ(zt,rt|v)
ρ(rt|v) = 1,∀t ∈ [T ], and

(
ρ(v|x)

∏T
t=1

ρ(zt,rt|v)
ρ(rt|v)

)
is constant for all v ∈ Vgood

since ρ(v|x) is a uniform density on subspaces orthogonal to x. This establishes that ρ(v|x, r, z) is
the uniform distribution over Vgood.
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Determining Vgood. Our aim is now to prove the following fact: Vgood is exactly the set of d/2
dimensional linear subspaces which contain Span(z) and are orthogonal to Span(o) and Span(x).
Let v ∈ Supp(V ) and consider some individual query r̃ ∈ Rd and denote z̃ = Πv r̃ and let õ ∈
Span(r̃, z̃) be the unit vector orthogonal to z̃ with ⟨õ, r̃⟩ > 0 or the zero vector if r̃ = z̃. To prove
the fact, it suffices to show that z̃ = Πv r̃ if and only if v is a subspace which is orthogonal to õ and
contains z̃.

The claim is straightforward if r̃ = z̃, and so we focus on the case where r̃ ̸= z̃. We first show
that any other subspace, v′, which is orthogonal to õ and contains z̃ still satisfies Πv′ r̃ = z̃. Towards
this end, we have the following:

min
u:⟨u,õ⟩=0

{∥u− r̃∥} (i)
= ∥z̃ − r̃∥

(ii)

≥ min
u∈Span(v′)

{∥u− r̃∥}
(iii)

≥ min
u:⟨u,õ⟩=0

{∥u− r̃∥} .

Equality (i) is because the projection of r̃ to the space orthogonal õ is obtained by removing the
component along õ, which results in some vector in the 1-dimensional space Span(z̃). By the
definition of projection, z̃ is closest point to r̃ in this one dimensional space. Inequality (ii) follows
from the assumption that z̃ ∈ Span(v′), and (iii) follows from the fact that Span(v′) ⊆ {u ∈ Rd :
⟨u, õ⟩ = 0}. Since the LHS and RHS above are equal, ∥z̃− r̃∥ = minu∈Span(v′) {∥u− r̃∥} and thus
z̃ = Πv′ r̃ by the uniqueness of orthogonal projection onto a span.

Now we finish by proving the reverse implication, that if v′ does not contain z̃ or is not orthog-
onal to õ, then Πv′ r̃ ̸= z̃. If z̃ /∈ Span(v′), clearly Πv′ r̃ ̸= z̃. If z̃ ∈ Span(v′), but Span(v′) is not
orthogonal to õ, consider some u ̸= z̃ as any vector in Span(v′) such that ⟨u, õ⟩ > 0. We can assume
positive inner product since Span(v′) contains both u and −u. Now by definition v′ contains the
plane spanned by u and z̃. The properties of orthogonal projection ensure ⟨r̃ −Πv′ r̃, u−Πv′ r̃⟩ ≤ 0
Assuming by contradiction that Πv′ r̃ = z̃, and noting r̃ = z̃+aõ for some a ≥ 0 (recall we assume
⟨õ, r̃⟩ > 0), we have ⟨z̃ + aõ− z̃, u− z̃⟩ = ⟨aõ, u− z̃⟩ = a ⟨õ, u⟩ ≤ 0. But since a ≥ 0, this
contradicts the assumption that ⟨õ, u⟩ > 0, and thus Πv′ r̃ ̸= z̃.

Component of output in Span(V ). We have now established Vgood is the cartesian product of
{Span(Z)} and some set of d′ dimensional linear subspaces, for some d′ ≥ d/2 − T̄ , and that the
posterior distribution of V given R = r, Z = z, X = x, and W = w is uniform over Vgood(r, z, x).
Let t̄ = t̄(r) be the value of T̄ induced by R = r. Define U = Π⊥X,SΠ

⊥
ZW and let E denote the

event 1
2∥U∥ − ∥ΠV U∥ ≥ α. We have,

P [E] =

∫
r:t̄(r)≤d/4

w,x,z

P [E|r, w, x, z] ρ(r, w, x, z)drdwdxdz +
∫

r:t̄(r)>d/4
w,x,z

P [E|r, w, x, z] ρ(w, x, z|r)ρ(r)drdwdxdz

≤ max
r:t̄(r)≤d/4

w,x,z

{P[E|r, w, x, z]}+ 1

20
. (9)

The inequality uses E
[
T̄
]
≤ d

80 and Markov’s inequality. Let r ∈ {r : t̄(r) ≤ d/4} and w, x, z be
any possible instantiations of W,X,Z given R = r. These quantities determine U , and so let u be
its realization (recall O is determined given R and Z). To bound the worst case probability, observe
that under conditioning, d′ ≥ d/4. Thus by the previous analysis, V is a uniformly random subspace
of dimension at least d/4 supported on a linear subspace of dimension at most d, and we can apply
the Johnson-Lindenstrauss lemma (see, e.g. (Vershynin, 2018, Lemma 5.3.2)). Concretely, for some
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universal constant C, P
V

[
1
2∥u∥ − ∥ΠV u∥ ≥ α

∣∣∣ R = r,W = w,X = x, Z = z
]
≤ exp

(
−Cdα2

)
.

Thus when d ≥ log(20)
Cα2 (which holds by assumption for C2 large enough), we have via Eqn. (9),

P
[
∥Π⊥X,SΠ

⊥
ZW∥ ≥ 2∥ΠV Π

⊥
X,SΠ

⊥
ZW∥+ 2α

]
≤ exp(−Cdα2) +

1

20
≤ 1

10
.

We now prove the information lower bound, Lemma 16. We remark that Lemma 13 (Appendix
A) will be used several times throughout the proof, and the results to reach Eqn. (10) are given in
the subsequent subsection, Appendix B.4.
Proof [Proof of Lemma 16] Fix some k ∈ [K]. Our information lower bound starts by leveraging a
variant of Fano’s method, whose details we defer to Lemma 18 in Appendix B.4. Via this lemma,
we have that any estimator Ŵ satisfies,

P
[
∥Ŵ − X̂k∥ ≥ 40α

]
≥ 1

2
− 8 ·

I(Ŵ ; X̂k|X̸=k, V )) + 1

d
. (10)

The rest of the proof will be devoted to showing we can construct such an estimator from W and a
bounded amount of additional information.

Constructing estimator, Ŵ . Our first step is to transform the output of A into a vector which
is close (in Euclidean distance) to X̂k. To do this we, roughly speaking, need to remove several
components of W : the component contained in Span(X̸=k), the component in Span(O), and the
component in Span(Z).

Let CO be a minimal α-cover of Span(O) (chosen deterministically given O) and define X̃k =
min
c∈CO

{∥ΠOXk − c∥}. Now let S be the orthogonal complement of Xk inside Span(O) and S̃ be

the orthogonal complement of X̃k inside Span(O). Finally, let Ŵ = Π⊥
X̸=k,S̃

Π⊥ZW . Intuitively,

Π⊥
X̸=k,S̃

approximately removes the component of W in the subspace spanned by O that does not

overlap with Xk. The projection Π⊥Z can be interpreted as removing the component of W in the
“known” span of V . It is worth noting that Ŵ is still an accurate solution in some sense, a fact we
will now show in more detail.

Showing Ŵ is accurate. Analyzing now the distance term inside the probability on the LHS of
Eqn. (10) above, we have,

∥Ŵ − X̂k∥ ≤ ∥Ŵ − C1αXk∥+ 2α ≤ 2max
{
∥Π⊥Xk

Ŵ∥, |⟨Ŵ ,Xk⟩ − C1α|
}
+ 2α. (11)

The first inequality uses the fact that C is a 2α-cover. We will now show that both terms in the maxi-
mum are bounded with constant probability using the accuracy condition. Towards this end, observe
that for every possible instantiation of X and V , there exists a minimizer, w∗ = C1α

∑K
k=1Xk, with

0 loss. Recall K = 1
C2

1α
2 , so indeed w∗ ∈ B(1).

We now analyze the inner product term in the RHS of Eqn. (11). Since the minimizer has 0
loss, by the accuracy condition on A, it must be that E [|⟨W,Xk⟩ − C1α|] ≤ E [F (W )− F (w∗)] ≤
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α, and so by Markov’s inequality, P [|⟨W,Xk⟩ − C1α| ≥ 10α] ≤ 1
10 . Thus it suffices to show

⟨Ŵ ,Xk⟩ ≈ ⟨W,Xk⟩. We first have,

|⟨W,Xk⟩ − ⟨Ŵ ,Xk⟩| = |⟨W,Xk⟩ − ⟨W,Π⊥SXk⟩| = |⟨W,ΠSXk⟩|.

The first equality follows from the fact that Ŵ = Π⊥ZΠ
⊥
X̸=k

Π⊥SW and Z and X̸=k are orthogonal to
Xk. The second equality uses Xk = ΠSXk +Π⊥SXk. Continuing,

∥ΠSXk∥
(i)
= ∥ΠSΠOX̃k +ΠSΠO(Xk − X̃k)∥

(ii)
= ∥ΠSΠO(Xk − X̃k)∥ ≤ ∥ΠO(Xk − X̃k)∥

(iii)

≤ α.

Here, (i) uses the fact that S ⊆ Span(O), (ii) uses the fact that ΠSX̃k = 0, and (iii) uses the fact
that X̃k ∈ Span(O) and ∥ΠOXk − X̃k∥ ≤ α. We now obtain |⟨Ŵ −W,Xk⟩| ≤ 2α from Cauchy
Schwartz and the fact that ∥Ŵ −W∥ ≤ 1.

This inner product difference with the previously derived fact that P [|⟨W,Xk⟩ − C1α| ≥ 10α] ≤
1
10 finally yields,

P
[
|⟨Ŵ ,Xk⟩ − C1α| ≥ 12α

]
≤ 1

10
. (12)

We now address the norm term in Eqn. (11). We have,

E
[
∥ΠV Π

⊥
X,SΠ

⊥
ZW∥

]
= E

[
∥ΠV Π

⊥
X,S(Π

⊥
ZW −W +W )∥

]
≤ E

[
∥Π⊥ZW −W∥+ ∥ΠV Π

⊥
X,SW∥

]
≤ E [∥ΠZW∥] + E [∥ΠV W∥]

≤ α.

Above, we have used the fact that V is orthogonal to Span(X) ∪ S and Lemma 13. The last
inequality uses the accuracy condition, since L(w)− L(w∗) ≥ 2∥ΠV w∥. Continuing,

E
[
∥ΠV Π

⊥
X,SΠ

⊥
ZW∥

]
≤ α

(i)
=⇒ P

[
∥ΠV Π

⊥
X,SΠ

⊥
ZW∥ ≥ 5α

]
≤ 1/5

(ii)
=⇒ P

[
∥Π⊥X,SΠ

⊥
ZW∥ ≥ 12α

]
≤ 3/10

(iii)⇐⇒ P
[
∥Π⊥Xk

Π⊥X̸=k,SΠ
⊥
ZW∥ ≥ 12α

]
≤ 3/10

Implication (i) uses Markov’s inequality, and (ii) results from Lemma 17. For implication (iii), we
apply Lemma 13 since Xk is orthogonal to X̸=k and S.

Now observe for any u ∈ B(1), ∥Π⊥X̸=k,Su − Π⊥
X̸=k,S̃

u∥ ≤ α since Span(X̸=k) ∪ S and

Span(X̸=k) ∪ S̃ are close. That is, for any v ∈ B(1) ∩ S, there exists ξ ∈ Span(O) ∩ B(α)
s.t. v + ξ ⊥ X̃ , and thus v + ξ ∈ S̃. Thus we obtain,

P
[
∥Π⊥Xk

Π⊥
X̸=k,S̃

Π⊥ZŴ∥ ≥ 13α
]
= P

[
∥Π⊥Xk

Ŵ∥ ≥ 13α
]
≤ 3/10. (13)
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Using this probability bound and Eqn. (12) above we obtain,

P
[
max

{
∥Π⊥Xk

Ŵ∥, |⟨Ŵ , X̂k⟩ − C1α|
}
≥ 12α

]
≤ 1

10
+

3

10
≤ 2

5
.

Combing this fact with Eqns. (10) and (11) we obtain,

2

5
≥ P

[
2max

{
∥Π⊥XŴ∥, |⟨Ŵ ,Xk⟩ − C1α|

}
+ 2α ≥ 40α

]
≥ 1

2
− 8 ·

I(Ŵ ; X̂k|X̸=k, V ) + 1

d
.

Consequently we have,

d

80
≤ I(Ŵ ; X̂k|X̸=k, V ). (14)

Showing Ŵ does not add much information. We now show that generating Ŵ does not add
too much information beyond what is contained in W . Let R̂ denote the information sent to Õ over
the training run. Observe,

I(Ŵ ; X̂k|X̸=k, V ) ≤ I(W,O,Z, X̃; X̂k|X̸=k, V )

≤ I(Y, R̂, O, Z, X̃; X̂k|X̸=k, V )

= I(Y, R̂; X̂k|X̸=k, V ) + I(O,Z; X̂k|X̸=k, V, Y, R̂) + I(X̃k; X̂k|X̸=k, V, Y, R̂, O, Z)

(i)

≤ I(Y, R̂; X̂k|X̸=k, V ) +H(X̃k|O)

(ii)

≤ I(Y, R̂; X̂k|X̸=k, V ) + E
[
T̄
]
log(3/α)

≤ I(Y, R̂; X̂k|X̸=k, V ) +
d

160
. (15)

The first inequality uses the fact that Ŵ is determined by W , O, Z, and X̃ . Step (i) uses that
O and Z are deterministic conditioned on V and R̂. Line (ii) uses H(X̃k|O) ≤ E [log(|CO|)] ≤
E [dO] log(3/α).

Finally, combining Eqns. (15) and (14), which hold for any choice of k, we obtain,

d

160
= min

k

{
I(W ; X̂k|X̸=k, V )

}
.

B.3. Completing the proof of Theorem 5.

We conclude the proof of Theorem 5 by applying Lemmas 15 and 16, which yields,

d

160
= min

k
{I(W ;Xk|X̸=k, V )} ≤ E

Q

[ ∞∑
t=1

Cnt
2
k(Qt)ρ

]
+ E

[
T̄
]
log(K + 1).

28



GRADIENT COMPLEXITY OF DP OPTIMIZATION

When E
[
T̄
]
≤ d

320 log(1/α2)
we obtain E

Q

[∑∞
t=1 Cnt

2
k(Qt)ρ

]
= Ω(d). We now consider both cases

of the theorem statement. For part 1, using Cntk(·) ≤
√
3C1d/ρ one can see that, E

[∑∞
t=1 Cnt

2
k(Qt)

]
=

Ω(d/ρ) =⇒ E
[∑∞

t=1 Cntk(Qt)
]
= Ω(

√
d/ρ). Now we obtain,

E [∥M∥1] =
[ ∞∑
t=1

K∑
k=1

Cntk(Qt)
]
≥ E

[ K∑
k=1

∞∑
t=1

Cntk(Qt)
]
= Ω

( √
d

α2√ρ

)
.

The first part of the theorem is obtained since max
v,x

{ E
A,Õ

[∥M∥1|X = x, V = v]} ≥ E
A,Õ,X,V

[∥M∥1].

If the max batch size is bounded, using the bound Cntk(Qt) ≤ m̄ for any k ∈ [K], t ∈ Z+, and
proceeding similarly to above we obtain max

v,x
{ E
A,Õ

[∥M∥1|X = x, V = v]} ≥ d
α2m̄ρ

as desired.

B.4. Fano style bound used in proof of Lemma 16

In this section, we establish Eqn. (10), which is used in the proof of the information lower bound.
Lemma 20 gives a variant of Fano’s inequality which is useful due to the fact that multiple elements
in the support of X̂k are considered a success when estimating X̂k. Lemma 19 verifies that the
entropy of X̂ is high. Recall that X̂k is essentially a uniformly random vector that has been snapped
to a high resolution cover. Finally, Lemma 18 derives the actual information bound, and is largely
algebraic in nature.

Lemma 18 For any estimator Ŵ , it holds that,

P
[
∥Ŵ − X̂k∥ ≥ 40α

]
≥ 1

2
− 8 ·

I(Ŵ ; X̂k|X̸=k, V )) + 1

d
.

Proof Recall X̂k = argmin
c∈C

{∥C1αXk − c∥} and note C has dimension dC = d − d/2 − K +

1 ≥ d/4 (since d ≥ C2/α
2). It can be shown that X̂k has large entropy. We defer this fact

to Lemma 19 given below, and here apply this lemma to obtain H(X̂|X̸=k = x ̸=k, V = v) ≥
(dC − 1) log(C1α/2α) = (dC − 1) log(C1/2). Define,

Perr = P
[
∥Ŵ − X̂k∥ ≥ 40α | X̸=k = x ̸=k, V = v

]
and Nmax = max

c∈C
{|{c′ ∈ C : ∥c− c′∥ ≤ 40α}|} .

Now by a variant of Fano’s inequality (see Lemma 20 below),

Perr ≥
H(X̂k|X̸=k = x ̸=k, V = v)− log(Nmax)

log(|C|/Nmax)
−

I(Ŵ ; X̂k|X̸=k = x̸=k, V = v) + 1

log(|C|/Nmax − 1)
.

Observe Nmax is at most the number of α-balls that can be packed into a 40α-ball in dC-dimensions.
Bounds on the packing number then imply Nmax ≤ 120dC and |C| ∈ [Cd

1 , (3C1)
dC ]. Now for

C1 = 480 and d larger than some constant (recall dC ≥ d/4) we obtain,

Perr ≥
(dC − 1) log(C1/2)− dC log(120)

dC log(1440)
−

I(Ŵ ; X̂k|X̸=k = x ̸=k, V = v) + 1

dC log(C1/120− 1)

≥ 1

2
− 8 ·

I(Ŵ ; X̂k|X̸=k = x ̸=k, V = v) + 1

d
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Taking the expectation over X̸=k and V then yields,

P
[
∥Ŵ − X̂k∥ ≥ 40α

]
= E

X̸=k,V

[
P
[
∥Ŵ − X̂k∥ ≥ 40α|X̸=k = x ̸=k, V = v)

]]
≥ 1

2
− 8 · I(Ŵ ; X̂k|X̸=k, V )) + 1

d
.

Lemma 19 Let C be a maximal α-packing of the radius r ball in dC dimensions. Let X be a
uniformly random unit vector and X̂ = argminc∈C {∥x− c∥}. Then H(X̂) ≥ (dC−1) log(r/2α).

Proof In the following S(r, c) be the surface of the dC-dimensional ball of radius r centered at c.
Since C is a 2α cover and X is uniform over the surface of a dC-dimensional ball, for any c ∈ C,
P[X̂ = c] can be bounded using the surface area, i.e. (dC − 1)-dimensional volume, of the spherical
cap containing points within 2α distance of c on a r-radius ball. Now observe that the surface area
of this cap is at most the surface area of a ball of radius 2α. To see this, let X be the convex hull of
{x ∈ S(r, 0) : ∥x− c∥ ≤ 2α}. Taking the convex hull does not decrease the measure. Further, the
mapping f : S(r, c) 7→ X given by f(x) = ΠX (x) is a contraction, and because X is convex the
image of S(r, c) under f is X . Thus Vol(S(r, c)) ≥ Vol({f(x) : x ∈ S(r, c)}) = Vol(X ).

Now since X has uniform density of value 1
Vol(S(r,0)) , we have P[X̂ = c] ≤ Vol(S(2α,0))

Vol(S(r,0)) =

(2α)dC−1Vol(S(1,0))
rdC−1Vol(S(1,0)) = (2α/r)dC−1. This establishes that H(X̂) = E

[
log(1/P[X̂ = x̂])

]
≥ (dC −

1) log(r/2α).

Lemma 20 (Restatement of (Duchi and Wainwright, 2013, Proposition 1)) Let X and Y be random
variables supported on the discrete set C. Let τ ≥ 0 and define Nmax = maxc∈C {|{c′ ∈ C : ∥c− c′∥ ≤ τ}|}.
Then

P [∥X − Y ∥ ≥ τ ] ≥ H(X)− log(Nmax)

log
(
|C|

Nmax

) − I(Y ;X) + 1

log
(
|C|

Nmax
− 1
) .

Proof Define Nmin = minc∈C {|{c′ ∈ C : ∥c− c′∥ ≤ τ}|}. The claim is obtained from a simple
manipulation of (Duchi and Wainwright, 2013, Proposition 1). Starting from that statement we have
the following,

P [∥X − Y ∥ ≥ τ ] ≥ H(X|Y )− log(Nmax)− 1

log
(
|C|−Nmin

Nmax

)
≥ H(X)− log(Nmax)

log
(
|C|−Nmin

Nmax

) − I(Y ;X) + 1

log
(
|C|−Nmin

Nmax

)
≥ H(X)− log(Nmax)

log
(
|C|

Nmax

) − I(Y ;X) + 1

log
(
|C|

Nmax
− 1
) .
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Appendix C. Additional Supplement to Section 3

C.1. Proof of Theorem 6 (upper bound via DP-SGD)

Algorithm 3 DP-SGD
Require: Oracle privacy ρ ≤ 1, Batch size bound m̄, Accuracy α ≥ 0, Oracle OL, Constraint Set

W of width B, Lipschitz constant L
1: Pick any w0 ∈ W
2: If α ≥ BL

3 , stop and release w0

3: Set m = min
{√

d/ρ, m̄
}

, and σ = Lmax
{

1√
d
, 1
m̄
√
ρ

}
4: Set T = B2L2

α2 ·max
{
1, d

m̄2ρ

}
, η = B

L
√
T
·min

{
1,

m̄
√
ρ√
d

}
,

5: for t = 1...T do
6: Sample minibatch i1, ..., im uniformly from [n]
7: Obtain gradients Gt from {OL(wt, i1), ...,OL(wt, im)}
8: wt+1 = ΠW

[
wt − η

(
1
m

∑
g∈Gt

g + ξt
)]

, where ξt ∼ N (0, Idσ2)

9: end for
10: Output: w̄ = 1

T

∑T
t=1w

t

The fact that Algorithm 3 uses a ρ-zCDP oracle comes directly from the guarantees of the
Gaussian mechanism Bun and Steinke (2016). Theorem 6 follows from the subsequent two lemmas.

Lemma 21 Algorithm 3 is α′-accurate for (Fn
L,∞,KB) with α′ = O(min {BL,α}). Further, the

algorithm has oracle complexity O
(
B2L2

α2

(√
d√
ρ + d

m̄ρ

))
.

Proof The result is essentially a corollary of known convergence results for SGD with noise. For
example, by Lemma 3.3 of [BFTT19], Algorithm 3 obtains excess empirical risk,

E[L(w̄)− L(w∗)] = O

(
B2

ηT
+ ηL2 + ησ2d

)
. (16)

Plugging in the parameters settings verifies the utility guarantee. The BL term in the error comes
from the trivial bound when w0 is released. The oracle complexity is Tm = O

(
B2L2

α2

(√
d√
ρ + d

m̄ρ

))
.

Lemma 22 Let δ ∈ [0, 1]. Algorithm 3 run with α ≥ 26α∗1,δ and ρ = 1
log(1/δ) is (ϵ, δ)-DP with

ϵ = 3
α∗
1,δ

α .

Proof We will use truncated differential privacy to perform the analysis, and will thus use several
results from Bun et al. (2018a). By the guarantees of the Gaussian mechanism, the private ora-
cle satisfies (ρ,∞)-tCDP (or equivalently ρ-zCDP). Provided that log(n/m) = log(n

√
ρ/d) ≥

3ρ(2 + log2(1/ρ)), we can apply the privacy amplification via subsampling from (Bun et al.,

2018a, Theorem 11). Note we can assume
√

d log(1/δ)

n ≤ 1/3 (otherwise the algorithm releases
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w0). Thus for ρ ≤ 1
log(1/δ) , log(n

√
ρ/d) = log( n√

d log(1/δ)
) ≥ 1, and so our setting of ρ satisfies

the subsampling lemma conditions. We thus obtain that each iteration satisfies (ρ′, ω′)-tCDP with
ρ′ = 13(m/n)2ρ = 13d/n2 and ω′ = 1

4ρ . The composition properties of tCDP imply the overall

algorithm satisfies (ρ′′, ω′′)-tCDP with ρ′′ = Tρ′ = 13B2L2d
α2n2 and ω′′ = ω′ = 1

4ρ . We can now apply
the following conversion to (ϵ, δ)-DP, given by (Bun et al., 2018a, Lemma 6),

ϵ =

{
ρ′′ + 2

√
ρ′′ log(1/δ) if log(1/δ) ≤ (ω′′ − 1)2ρ′′

ρ′′ω′′ + log(1/δ)
ω′′−1 if log(1/δ) ≥ (ω′′ − 1)2ρ′′

Observe that under our setting of ρ, the condition log(1/δ) ≤ (ω′′ − 1)2ρ′′ is satisfied whenever

α ≥ 26
BL

√
d log(1/δ)

n = 26α∗1,δ, in which case we obtain privacy ϵ = 3
α∗
1,δ

α .

C.2. Extension to tCDP

In this section, we show how our lower and upper bound in the non-smooth setting hold under the
notion of truncated CDP Bun et al. (2018a).

Definition 23 (Truncated Concentrated Differential Privacy) Let ρ > 0 and ω ≥ 1. A randomized
algorithm M : X n 7→ Y satisfies ω-truncated ρ-concentrated differential privacy, (ρ, ω)-tCDP,
if for all datasets, S, S′, differing in at most one element, it holds that for all α ∈ (1, ω) that
Dα(M(X)||M(S′)) ≤ ρα, where Dα is the α-Rényi divergence.

Lower bound. Consider the case where each O⊥ satisfies (ρ, ω)-tCDP for ω ≥ min{
√
d/ρ, m̄}.

For comparison, note that ρ-zCDP is equivalent to (ρ,∞)-tCDP. To extend the lower bound to
this notion requires only a slight modification to Lemma 15, which upper bounds the information
gained during the optimization procedure. Specifically, we recall Eqn. (6), which showed that under
ρ-zCDP (using the same notation),

I(Yt; X̂k|Qt = qt, Pt = pt)
(i)

≤ E
xk,x

′
k←Xk

[
KL
(
Õ⊥(Gt,−k(xk))||M(Gt,−k(x

′
k)))

)]
(ii)

≤ Cnt2k(qt)ρ.

Inequality (i) holds irregardless of any privacy notion, and so the consideration is inequality (ii).
We observe that we only ever need to apply this bound for Cnt2k(qt) ≤

√
d/ρ. In the other regime,

the proof upper bounds the information via entropy, I(Yt; X̂k|Qt = qt, Pt = pt) = O(d). For
m ≤ ω, (ρ, ω)-tCDP implies (ρm2, ω/m)-group tCDP for groups of size m. Since tCDP also
bounds KL divergence, this is sufficient to obtain inequality (ii), and the rest of the proof proceeds
exactly the same as in the zCDP case. Similarly, in the case where m̄ ≤

√
d/ρ, we observe that we

only have to use the group privay properties of tCDP for groups of size at most m̄.

Upper bound. The fact that our upper bound, Algorithm 3, satisfied tCDP is already proved
as an intermediate step in the proof of Lemma 22. Specifically, for any setting of ρ such that
log(n

√
ρ/d) ≥ 3ρ(2 + log2(1/ρ), the algorithm is (ρ′, ω)-tCDP with ρ′ = O( 1

α2
d
n2 ) and ω = 1/ρ.

We remark that while many other upper bounds in the literature are stated for approximate DP, they
often satisfy tCDP guarantees as they rely on zCDP oracles and subsampling.
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Appendix D. Supplement to Section 4

D.1. Proof of Theorem 11 (oracle complexity lower bound for smooth losses)

Theorem 11 follows from two runtime lower bounds we prove in this section. The first is an
Ω
(
BL
√
d

α

)
lower bound for private optimizers, and a Ω

(
min

{
B2L2

α2 , n
})

lower bound which
holds even without privacy. Much of the private lower bound proof depends on a DP mean estima-
tion lower bound for procedures which only access a limited number of samples from the dataset.
These results are provided subsequently in Appendix D.1.1.

Theorem 24 Let δ ≤ 1
16nd , ϵ ≤ log(1/δ), and d be larger than some constant. Let A be an

α-accurate optimizer for (Fn
L, α

B2
,KB) which is (ϵ, δ)-DP. Further assume that, in expectation, A,

makes at most s calls to the gradient oracle. Then, s = Ω
(
BL
√
d

α

)
.

Proof Define the distribution Dθ, which for any vector θ ∈ [−1, 1]d, is the product distribution
where, for any j ∈ [d], a sample has its j’th coordinate as 1 with probability (1 + θj)/2 and as −1
with probability (1− θj)/2. Let Θ ∼ Unif([−1, 1]d). For N = nα/(BL), let x̃1, ..., x̃N ∼ L√

d
DN

Θ .
Now we take x1, ..., xn to be a random permutation of x̃1, ..., x̃N and n − N zero vectors. Define
the loss function,

L(w) = 1

n

n∑
i=1

⟨w, xi⟩+ λ∥w∥2. (17)

We will use the constraint set B(72B), and define w∗ = argmin
w∈B(24B)

L(w). Note that the uncon-

strained empirical minimizer is w̃∗ =
∑n

i=1 xi

2nλ . Since ∥
∑n

i=1 xi∥ ≤ NL, we set λ ≥ NL
144nB

so that ∥w̃∗∥ ≤ 72B and thus w∗ = w̃∗ =
∑n

i=1 xi

2nλ . Further, under the setting of N , we have
λ = α

144B2 ≤ L
B , which ensures the loss is 2L-Lipschitz over the set B(72B).

Now we will show that any w which achieves small excess risk is close to w∗. For any w we
have,

L(w)− L(w∗) =
〈
w − w∗,

1

n

n∑
i=1

xi

〉
+ λ

(
∥w∥2 − ∥w∗∥2

)
= 2λ ⟨w − w∗,−w∗⟩+ λ

(
∥w∥2 − ∥w∗∥2

)
= 2λ(∥w∗∥2 − ⟨w,w∗⟩) + λ

(
∥w∥2 − ∥w∗∥2

)
= 2λ

(
∥w∗∥2 − 1

2
∥w∗∥2 − 1

2
∥w∥2 + 1

2
∥w − w∗∥2

)
+ λ

(
∥w∥2 − ∥w∗∥2

)
= λ ∥w − w∗∥2 .

where the fourth equality comes from ⟨a, b⟩ = 1
2(∥a∥

2 + ∥b∥2 − ∥a− b∥2).
Now observe 1

LN

∑N
i=1 xi =

2nλ
LN w∗ and consider the mean estimation candidate Θ̄ = 2nλ

LN w,
where w is the output of the differentially private solver A. Continuing from the above display we
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then have,

E
Θ,S,A

[L(w)− L(w∗)] = E
[
λ ∥w − w∗∥2

]
=

L2N2

n2λ
E
[
∥Θ̄−ΘS∥2

]
≥ L2N2

4n2λ
E
[
∥Θ̄−ΘS∥

]2
. (18)

Now because the nonzero vectors are randomly assigned indices in [n], and there are at most N
of them, the expected number of nonzero vectors in S accessed by A is Ns

n = sα
BL . Assume by

contradiction that s < BL
√
d

18α
√

log(1/δ)
, by Lemma 26 (given in the following section) this means

E
[
∥Θ̄−ΘS∥

]2 ≥ 1
36 .

Recalling N = nα/[BL] and λ = NL
144nB , under the assumption that s < BL

√
d

18α
√

log(1/δ)
and

E [L(w)− L(w∗)] ≤ α, we have

α ≥ L2N2

72n2λ
=

2BLN

n
= 2α.

This is a contradiction and so it must be that s ≥ BL
√
d

18α
√

log(1/δ)
.

The non-private component of the lower bound comes from the following result. We note a
similar result was proved in Woodworth and Srebro (2016), and we provide the following only to
extend it to algorithms with randomized running time.

Lemma 25 Let A be an α-accurate optimizer for (Fn
L, α

B2
,KB). Further assume that, in expecta-

tion, A, makes at most s calls to the gradient oracle. Then, s = Ω
(
min

{
B2L2

α2 , n
})

.

Proof We will first give a distributional mean estimation bound for estimators which use a variable
number of samples from the distribution. Let T denote the number of samples used by the mean
estimation procedure (which may be data dependent). Let At denote the set of all algorithms which
w.p. 1 use at most t samples. We have for any estimator M,

E [∥M(S)−Θ∥] =
∑

θ∈Supp(Θ)
s∈Supp(S)

∞∑
t=1

E
M

[
∥M(S)−Θ∥

∣∣ T = t,Θ = θ, S = s
]
P[T = t|Θ, S]P[Θ = θ, S = s]

≥
∑
θ,s

E
M

[
∥M(S)−Θ∥

∣∣ T ≤ 10s,Θ = θ, S = s
]
P[T ≤ 2s|Θ = θ, S = s]P[Θ = θ, S = s]

≥ 1

2

∑
θ,s

E
M

[
∥M(S)−Θ∥

∣∣ T ≤ 2s,Θ = θ, S = s
]
P[Θ = θ, S = s]

=
1

2
E

M,Θ,S

[
∥M(S)−Θ∥

∣∣ T ≤ 2s
]

≥ 1

2
min
M∈A2s

{
E

M,Θ,S
[∥M(S)−Θ∥]

}
.
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The second inequality uses the bound on expected running time and Markov’s inequality. Now,
the fact that min

M∈A2s

{ E
M,Θ,S

[∥M(S)−Θ∥]} = Ω( L√
s
) follows from classic mean estimation lower

bounds. For example, using Θ ∼ Unif([−2/
√
s, 2/

√
s]d) and S ∼ L√

d
Dn

Θ suffices by (Ullah et al.,
2024, Theorem 13). Thus we have

E [∥M(S)−Θ∥] = Ω

(
L√
s

)
. (19)

We can now leverage this lower bound and the loss construction from Theorem 24. Letting Θ̄ =
2nλ
LN w and ΘS = 1

n

∑
x∈S x and using the loss construction from Theorem 24/Eqn. (17) with N = n

and λ = α/B2, we obtain from Eqn. (18) that,

α ≥ B2

4α
E
[
∥Θ̄−ΘS∥

]2
=⇒ α ≥ BE

[
∥Θ̄−ΘS∥

]
.

Clearly for any Θ, E [∥ΘS −Θ∥] ≤ L√
n

. Thus by Eqn. (19), for some constant C,

α ≥ BE
[
∥Θ̄−ΘS∥

]
≥ B

(
CL√
s
− L√

n

)
=⇒ s = Ω

(
min

{
B2L2

α2
, n

})
.

D.1.1. DP MEAN ESTIMATION WITH VARIABLE ACCESS

In this section, we provide lower bounds for DP mean estimation when the algorithm only accesses
a random subset of the dataset. In the following, we will denote the distribution Dθ, which for
any vector θ ∈ [−1, 1]d, is the product distribution where, for any j ∈ [d], a sample has its j’th
coordinate as 1 with probability (1 + θj)/2 and as −1 with probability (1− θj)/2.

Lemma 26 Let δ ≤ 1
12nd and ϵ ≤ log(1/δ). Let A be an (ϵ, δ)-DP algorithm such that for any

dataset S ∈ B(1)n, in expectation A accesses at most s elements of S. Draw Θ ∼ Unif([−1, 1]d)
and S = {X1, . . . , Xn} ∼ 1√

d
Dn

Θ. It holds that,

E
Θ,A,S

[∥∥∥A(S)− 1

n

n∑
i=1

Xi

∥∥∥] ≥ 1

6
or s ≥

√
d

18
√
log(1/δ)

.

To prove the lemma, we will use a standard result in the privacy lower bound literature, often
called the fingerprinting lemma. This result stems from Dwork et al. (2015) and can be obtained
more directly from (Ullah et al., 2024, Lemma 4). Our accuracy assumption differs slightly from
theirs. This modification can be obtained by simply avoiding an application of Jenson’s inequality
at the end of their proof, which we have copied below for completeness.

Lemma 27 Let θ be sampled uniformly from Unif([−1, 1]d). Let A satisfy ∥ E
S∼Dn

θ

[A(S)] − θ∥ ≤
√
d/6 for any θ ∈ [−1, 1]d. Then one has,

E
A,S,Θ

[
n∑

i=1

⟨A(S), Xi −Θ⟩

]
≥ d

3
.
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Proof In the following we treat A as a deterministic function and bound E
S,Θ

[
∑n

i=1 ⟨A(S), Xi −Θ⟩].

This is sufficient to bound E
A,S,Θ

[
∑n

i=1 ⟨A(S), Xi −Θ⟩] for randomized A, since the analysis holds

for any function (i.e. the distribution does not depend on A). Further, we start with the one dimen-
sional case such that Θ ∈ R. Define g(Θ) = E

S∼Dn
Θ

[A(S)]. We start by applying results developed

in Dwork et al. (2015),

E
S,Θ

[
A(S)

n∑
i=1

(Xi −Θ)

]
(i)
= E

Θ

[
g′(Θ)(1−Θ2)

]
(ii)

≥ 1− E
[
Θ2
]
+ 2E

Θ
[(g(Θ)−Θ)Θ]− |g(−1) + 1|+ |g(1)− 1|

2

≥ 2/3 + 2E
Θ
[(g(Θ)−Θ)Θ]− |g(−1) + 1|+ |g(1)− 1|

2
.

Above, (i) comes from (Dwork et al., 2015, Lemma 5) and (ii) comes from (Dwork et al., 2015,
Lemma 14). We now have

E
S,Θ

[
A(S)

n∑
i=1

(Xi −Θ)

]
≥ 2/3 +

|g(−1) + 1|+ |g(1)− 1|
2

+ 2E
Θ
[(g(Θ)−Θ)Θ]

≥ 2/3 +
|g(−1)− 1|+ |g(1)− 1|

2
− 2E

Θ
[|g(Θ)−Θ| · |Θ|]

≥ 2/3−
|ES∼D−1 [A(S)] + 1|+ |ES∼D1 [A(S)]− 1|

2

− 2E
Θ

[∣∣∣ E
S∼DΘ

[A(S)]−Θ
∣∣∣] .

Above we use the fact that |Θ| ≤ 1 and the definition of g.
We can now extend the above analysis to higher dimensions. For Θ ∈ Rd, the above holds for

each Θj , j ∈ [d]. For convenience define 1̄ = (1, . . . , 1) ∈ Rd. Summing over d dimensions we
have

ES,Θ

[〈
A(S),

n∑
i=1

(Xi −Θ)
〉]

≥ 2d

3
− 1

2

∥∥∥ E
S∼D−1̄

[A(S)] + 1̄
∥∥∥
1
− 1

2

∥∥∥ E
S∼D1̄

[A(S)]− 1̄
∥∥∥
1
− 2E

Θ

[∥∥∥ E
S∼DΘ

[A(S)]−Θ
∥∥∥
1

]
≥ 2d

3
− 1

2
∥ E
S∼D−1̄

[A(S)] + 1̄∥1 −
1

2
∥ E
S∼D1̄

[A(S)]− 1̄∥1 − 2E
Θ

[∥∥∥ E
S∼DΘ

[A(S)]−Θ
∥∥∥
1

]
≥ 2d

3
−

√
d

2
∥ E
S∼D−1̄

[A(S)] + 1̄∥2 −
√
d

2
∥ E
S∼D1̄

[A(S)]− 1̄∥2 − 2
√
dE
Θ

[∥∥∥ E
S∼DΘ

[A(S)]−Θ
∥∥∥
2

]
≥ d

6
.

This proves the claim.
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We can now prove the mean estimation lower bound. This proof follows a similar structure to
existing proofs for DP mean estimation, although additional work must be done to account for the
fact that A only accesses a subset of points in the dataset.
Proof [Proof of Lemma 26] For our proof we will use a dataset of vectors in {±1}d, and as such the
ℓ2 bound on the data is

√
d. The final result will follow from rescaling by 1√

d
. Condition on Θ = θ

and define the following random variables for each i ∈ [n],

Zi = ⟨A(S), Xi − θ⟩ and Z ′i = ⟨A(S∼i), Xi − θ⟩ ,

where S∼i is the dataset formed by replacing i-th data point of S with X ′i ∼ Dθ.
Let I denote the random variable corresponding to the subset of indices of data points accessed

by A. We have for some τ ≥ 0,

P [Zi ≥ τ |i ∈ I]P [i ∈ I] = P [Zi ≥ τ ]− P [Zi ≥ τ |i /∈ I]P [i /∈ I]

≤ eϵP
[
Z ′i ≥ τ

]
+ δ

≤ exp
(
ϵ− τ2

8d

)
+ δ.

The last inequality uses the Chernoff-Hoeffding bound. Since ϵ ≤ log(1/δ), for τ =
√
3d log(1/δ)

we obtain, P [Zi ≥ τ |i ∈ I] ≤ 2δ
P[i∈I] . Using this we can derive,

E
A,S

[Zi] = E [Zj |i ∈ I]P [i ∈ I] + E [Zj |i /∈ I]P [i /∈ I]

= E [Zj |i ∈ I]P [i ∈ I]

≤ P [i ∈ I]
(√

3d log(1/δ) + 2dP [Zj > τ |i ∈ I]
)

≤ P [i ∈ I]
√

3d log(1/δ) + 4dδ.

Above we use the fact that the expectation of Zi is 0 when A does not access the i’th element. Now
for the sum we have,

E
A,S

[
n∑

i=1

Zi

]
≤ 4deϵδ +

√
3d log(1/δ)

n∑
i=1

P [i ∈ I]

= 4ndδ +
√
3d log(1/δ)E

[
n∑

i=1

1[i∈I]

]
= 4ndδ +

√
3d log(1/δ)E [|I|]

= 4ndδ + s
√
3d log(1/δ)

≤ 3s
√
d log(1/δ).

We then obtain the same upper bound for E
Θ,A,S

[
∑n

i=1 Zi]. We now use the fingerprinting lemma

to lower bound the correlation. Specifically, in the case where A is at least
√
d/6 accurate (which we
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note corresponds to 1/6 accurate after rescaling), we have for any θ, ∥E [A(S)]−θ∥ = ∥E
[
A(S)− 1

n

∑n
i=1Xi

]
∥ ≤

E
[
∥A(S)− 1

n

∑n
i=1Xi∥

]
≤
√
d
6 . Thus by Lemma 27,

E
[ n∑

i=1

Zi

]
= E

[〈
A(S),

n∑
i=1

Xi −Θ
〉]

≥ d

6
.

Now using the upper and lower bounds on E
[∑n

i=1 Zi

]
we obtain,

3s
√

d log(1/δ) ≥ d/6 =⇒ s ≥
√
d

18
√
log(1/δ)

.

D.2. Upper bounds for smooth losses

The lower bound in Theorem 11 is mostly matched by a modification of the Phased SGD algorithm
of Feldman et al. (2020).

Theorem 28 Let α > 0, δ ∈ [0, 1], and β ≤ L
√

d log(1/δ)/B. There exists an algorithm

which is O(α)-accurate for (Fn
L,β,KB) and uses at most O

(
max

{BL
√

d log(1/δ)

α , B
2L2

α2

})
oracle

evaluations. Further, for ϵ ∈ [0, 1], if α ≥ 6α∗ϵ,δ it satisfies (ϵ, δ)-DP.

We provide a proof subsequently. This nearly matches the lower bound when α ≥ 1/
√
n. In

the low error regime with β-smooth losses, an alternative algorithm based on solving a series of
regularized ERM problems with accelerated ERM solvers can achieve similar results in roughly
O((n + βn/

√
d) log2(n/α)) running time. A similar approach for DP-SCO was given in Zhang

et al. (2022). We provide details for this result in D.2.1. In aggregate, these upper bounds imply
the lower bound is essentially tight. Given that our upper bound does not use a private oracle, one
question that arises is whether the lower bound, which holds for general DP algorithms, can still
be matched by private oracle algorithms. At least in the case of 1-smooth losses and α = α∗ϵ,δ,
the results of Choquette-Choo et al. (2025) show the answer is yes. For ω(1)-smooth losses it is
unclear.

Algorithm 4 Phased SGD
Require: Accuracy α ≥ 0, Oracle O for losses ℓ1, ..., ℓn, Constraint Set W of width B, Lipschitz

constant L, Privacy parameter δ ∈ [0, 1]
1: Pick any w0 ∈ W
2: Set R = 1

2 log2(1/α)

3: Set T = max

{
BL

√
d log(n/δ)

α , B
2L2

α2

}
and η = B

L min

{
1√

d log(n/δ)
, α
BL

}
4: for r = 1...R do
5: Set Tr = 2−rT and ηr = 4−rη
6: Run SGD over W from wr−1 for Tr steps with learning rate ηi. Let w̄r be the average iterate
7: wr = w̄r + ξr, with ξr ∼ N (0, Idσ2

r ) and σr =
4B

4r
√
d

8: end for
9: Output: wR
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Proof [Proof of Theorem 28] We first note that the SGD algorithm used as a subroutine in Algorithm
4 starts at some point w0 ∈ W , and at each step samples i ∼ Unif([n]) and performs the update
wt = ΠW(wt−1 − η∇ℓi(w)).

For notation, define w̄0 = w∗ and ξ0 = w0 − w∗. Using the convergence results of SGD. The
error can be decomposed via,

E [L(wR)− L(w∗)] = E [L(wR)− L(w̄R)] +

R∑
i=1

E [L(w̄r)− L(w̄r−1)]

≤ LE [∥ξR∥] +
R∑

r=1

E
[
∥ξr−1∥2

]
2ηiTi

+
ηiL

2

2

≤ BL

2−2R
+

R∑
r=1

2−r
(
8B2

ηT
+

ηL2

2

)
≤ α+

8B2

ηT
+

ηL2

2

= O(α).

The first inequality comes from standard convergence guarantees of projected SGD, see e.g.
(Shalev-Shwartz and Ben-David, 2014, Theorem 14.8).

For the privacy analysis, we will leverage privacy amplification via subsampling (without re-
placement) results. Specifically we will use an extended version of (Bun et al., 2015, Lemma 4.14),
restated as Lemma 14 in Appendix A.

Consider the mechanism which, upon receiving m > 0 losses, ℓ1, ..., ℓm, performs one-pass
SGD over the losses, then adds isotropic Gaussian noise with variance σ2

r . Assuming each ℓi, i ∈
[n], is at least 1/(2η)-smooth, w̄r has sensitivity (w.r.t. changing one of {ℓ1, . . . , ℓm}) at most 2Lηr,
see e.g. (Hardt et al., 2016, Lemma 3.6). As such, the Gaussian mechanism is (ϵr, δ/n)-DP with

respect to a change in one sampled loss function, with ϵr =
4Lηr

√
log(n/δ)

σr
.

Now observe that Algorithm 4, at each phase, applies the previously described mechanism to
a batch of Ti losses, sampled with replacement from {ℓ1, . . . , ℓn}. In the regime α ≥ BL√

d log(n/δ)
,

we have T =
BL

√
d log(n/δ)

α and η = B

L
√

d log(n/δ)
, and thus ∀r ∈ [R], Tr ≤ n/2 and ϵr ≤ 1

2r .

Alternatively, in the other regime we have T = B2L2

α2 and η = α
L2 , and thus ϵr ≤ 1

2r
α
√
d

BL . Observe
1
2r

α
√
d

BL ≤ n
2Ti

for any α ≥ α∗1,δ. In either case, ϵr ≤ n
2Ti

, and thus we can apply the amplification
via subsampling result from Lemma 14. Specifically, this implies that each round of the algorithm
is (ϵ′r, δ

′
r) with,

ϵ′r =
6Ti

n
ϵr ≤

6

R
max

{
BL
√
d log(n/δ)

nα
,
B2L2

α2n
·
α
√
d log(n/δ)

BL

}
= 6

α∗δ
2rα

,

δ′r = e6ϵ
′Ti/n

4Ti

n

δ

n
≤ e62−rδ.

By composition, the overall privacy of the algorithm satisfies (ϵ, δ)-DP with ϵ ≤ 6
∑R

r=1 2
−r α

∗
1,δ

α ≤
6
α∗
1,δ

α .

39



MENART NIKOLOV

Remark 29 The Phased SGD algorithm also shows why one must assume the queries sent to the
private proxy oracle are non-adaptive for our lower bound in the non-smooth case to be hold. An
inspection of the privacy analysis in the proof of Theorem 28 shows that, if one only cares that the
algorithm is private with respect to its dataset of gradients, smoothness is not needed. We emphasize
that being private with respect to the dataset of gradients does not imply a general DP optimizer
however, and indeed Phased SGD is not known to be DP is non-smooth case.

D.2.1. Õ(n) RUNNING TIME ALGORITHM WHEN α = O
(
BL√
n

)
.

To achieve near linear running time, one case use the Phased-ERM algorithm of Feldman et al.
(2020) (Algorithm 3 therein) in conjunction with accelerated ERM solvers. This was essentially
shown by Zhang et al. (2022), although because they studied DP-SCO, they only explicitly stated
results for error α ≥ BL√

n
. Nonetheless, their technique translates just as well for smaller error when

considering DP-ERM. We describe this in the following.
Given some (non-private) ERM solver, A, which solves a strongly convex ERM problem to high

accuracy, the Phased-ERM algorithm, Algorithm 5, is differentially private and yields an accurate
solution. Precisely, we have the following result.

Lemma 30 Let δ ∈ [0, Bα2] and ϵ ∈ [0, 1]. Algorithm 5 is O(α)-accurate for (Fn
L,∞,KB) and for

α ≥ log(n)α∗ϵ,δ it satisfies (ϵ, 2 log(n)δ)-DP.

The proof follows similarly to the one in Feldman et al. (2020), and is given below. When the loss
is additionally β-smooth, there are solvers for the regularized subproblem (such as SVRG, Johnson
and Zhang (2013)) which achieve the accuracy condition in O((n+B2β/α) log(n/α)) oracle calls.
For α ≥ α∗1,δ, we get near linear running time if β ≤ L

√
d/B}.

Algorithm 5 Phased ERM
Require: Accuracy α ≥ 0, Oracle O for losses ℓ1, ..., ℓn, Constraint Set W of width B, Lipschitz

constant L, Parameter δ ∈ [0, 1]
1: Pick any w0 ∈ W
2: Set R = log2(LB/α)
3: Set λr = 2r α

B2 for all r ∈ [R]
4: for r = 1...R do
5: Define Lr(w) =

1
n

∑n
i=1 ℓi(w) + λr∥w − wr−1∥2 and w∗r = argmin

w∈W
{Lr(w)}

6: Compute w̄r such that w.p. at least 1− δ, Lr(w)− Lr(w
∗
r) ≤ min

{
L2

λrn2 , 2
−rα

}
7: wr = w̄r + ξr where ξr ∼ N (0, Idσ2

r ) and σr =
4B

2r
√
d

8: end for
9: Output: wR

Proof [Proof of Lemma 30] For notation, let w̄0 = w∗. We have,

E [L(wR)− L(w∗)] = E [L(wR)− L(w̄R)] +
R∑
i=1

E [L(w̄r)− L(w̄r−1)]

≤ 4α+

R∑
i=1

E [Lr(w̄r)− Lr(w̄r−1)] .
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The inequality uses σR = 4α
L
√
d

to bound LE [∥ξR∥]. We have for any r ∈ [R],

E [L(w̄r)− L(w̄r−1)] = E [Lr(w̄r)− Lr(w̄r−1) + L(w̄r)− Lr(w̄r) + Lr(w̄r−1)− L(w̄r−1)]

≤ (2−rα+ δL) + λrE
[
∥w̄r−1 − wr−1∥2

]
≤ 2−rα+ δL+ 2r

α

B2

(16B2

22r
)
.

Thus we have E [L(w̄r)− L(w̄r−1)] ≤ 2−r18α provided δ ≤ Bα2, and the accuracy guarantee
follows by combining the both displays.

For the privacy analysis, consider some r ∈ [R]. We have by standard results on the stability of
regularized ERM that each w∗r is L

λn -stable (i.e. changing one loss in L perturbs w∗r by at most L
λn )

Bousquet and Elisseeff (2002). The λr strong-convexity of Lr and accuracy condition also implies
that, conditioning on the randomness in previous rounds, with probability at least 1−δ, ∥w̄−w∗r∥ ≤√
Lr(w)−Lr(w∗

r )
λr

≤ L
λrn

. So each w̄r is ∆-stable, with ∆ = 2L
λrn

= 2B2

2rαn ≤ 2Bϵ

2r
√

log(n)d log(1/δ)
, where

the inequality follows from α ≥ log(n)α∗ϵ,δ. Thus the Gaussian mechanism ensures each round r is
(ϵ/ log(n), 2δ)-DP and by composition the overall algorithm is (ϵ, 2 log(n)δ)-DP.

Appendix E. Non-smooth optimization with information limited oracles

Our proof techniques from Section 3 can easily be adapted to provide lower bounds for information
limited oracles. In this section, we consider an individual loss L, i.e. n = 1, such that the objective
is to approximate argminw∈W {L(w)}. We are interested in algorithms of the form of Algorithm
1 (ignoring the query indices) interacting with a proxy oracle of bounded information capacity.

Theorem 31 (Restatement of Theorem 12) Let Õ be a Γ-information limited proxy oracle and A
an algorithm of the form given by Algorithm 1 with E

[
T̄
]
≤ d

640 log(BL/α) . If d ≥ C2B2L2

α2 then

Time(A, Õ, α,B, L,∞) = Ω
(
B2L2d
α2Γ

)
.

We give the proof after the following discussion. We can drop the unique query limit and more
simply lower bound the runtime as Ω

(
min{ d

α2Γ
, d
log(1/α)}

)
. Note also that it is possible to have

Γ = ω(d), which can be reasonable when the batch sizes are ω(1). The proof of this result follows
from a simplified version of the proof of Theorem 5.

As a corollary of our result, consider the case where we fix the batch size in Algorithm 1 to
be 1 and the proxy oracle is instantiated to be Õ(w) = ∇L(w) + N (0, Id σ2

d ). A standard fact
on Gaussian channels implies that for 1-Lipschitz losses and σ ≥ 1 this oracle has information
capacity Γ ≤ d/σ2. Theorem 31 thus recovers the oracle complexity lower bound for stochastic
oracles, Ω

(
σ2

α2

)
(Nemirovsky and Yudin, 1985), at least for certain parameter regimes. This σ2

α2

lower bound is achieved by SGD, which incidentally also means our lower bound is tight when
Γ ≥ 1/α2. That said, it is perhaps more interesting to consider whether the bound can be matched
via a quantization scheme; (Mayekar and Tyagi, 2020a,b) shows this is the case up to log factors.

Despite recovering stochastic and quantized stochastic oracle complexity lower bounds, we
emphasize that our lower bound also meaningfully diverges from such results. Such lower bounds
have been obtained via a reduction to mean estimation, where each oracle response is a noisy version
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of this mean, e.g. Nemirovsky and Yudin (1985); Agarwal et al. (2012)), and in the stochastic
quantized oracle setting, strong data processing techniques are used to get better bounds (Mayekar
and Tyagi, 2020a; Acharya et al., 2021). Clearly, we cannot hope to obtain Theorem 31 from such
constructions, as transmitting the mean vector to α accuracy requires only O(d log(1/α)) bits of
information. Put another way, the difficulty in previous lower bound constructions largely stems
from the difficulty of mean estimation. Our bound relaxes the stochastic oracle assumption by
leveraging structure unique to solving optimization problems. For similar reasons, it is not a-priori
obvious that allowing the proxy oracle use a batch size larger than 1, and thus transmit messages
about multiple gradients, would not help improve oracle complexity. Our lower bound shows this is
indeed the case.

Proof of Theorem 31. The proof leverages the same loss construction and distribution as Theorem
5. In particular, we will apply Lemma 16 verbatim. Upper bounding the information is in fact
simpler than in Lemma 15.

Lemma 32 Under the conditions of Theorem 31, for any k ∈ [K] it hold that

I(W ;Xk|X̸=k, V ) ≤ E
[ ∞∑
t=1

1[Cntj(Qt)≥1]

]
Γ + E

[
T̄
]
log(K + 1). (20)

Proof As in the proof of Lemma 15, we condition on V = v and X̸=k = x ̸=k throughout and recall
the definitions of Q, Cnt, and Pt = (Y<t, R̂≤t). Using the same derivation as Eqn. (5) we obtain,

I(Y,R;Xk) ≤ E
[
T̄
]
log(K + 1) +

T∑
t=1

I(Yt;Xk|Q≤t, Pt). (21)

Further by the assumption on the oracle, when Qt = qt,

I(Yt;Xk|Qt = qt, Pt) ≤ Γ · 1[Cntj(Qt)≥1] =⇒ I(Yt;Xk|Qt, Pt) ≤ Γ · E
[
1[Cntj(Qt)≥1]

]
.

Recalling we have conditioned on V = v, we take expectation and plug into Eqn. (21) to obtain the
claim.

Proof [Theorem 31] Under the assumption that E
[
T̄
]
≤ d

320 log(1/α2)
, applying Lemmas 16 and 32

obtains,

Ω(dK) ≤
K∑
j=1

I(Y,R;Xj |X̸=jV ) ≤ E

 ∞∑
t=1

K∑
j=1

1[Cntj(Qt)≥1]

Γ +KE
[
T̄
]
log(K + 1)

≤ E

 ∞∑
t=1

K∑
j=1

Mt

Γ +KE
[
T̄
]
log(K + 1)

= E [∥M∥1] Γ +KE
[
T̄
]
log(K + 1).

We can then finish similarly to Theorem 5.
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Appendix F. Between DP-SCO to DP-ERM

In this appendix, we show via a reduction that (DP)-ERM and (DP)-SCO are equally hard in terms
of runtime, up to log factors. This implies similar reductions for non-private settings as well.

F.1. Reducing DP-SCO to DP-ERM

The following shows that DP-SCO is no harder than DP-ERM (up to log factors) via a reduction.
Specifically, given an algorithm, A, which solves DP-ERM for B = L = 1, we show how to
construct a DP-SCO algorithm which has similar running time, using only black box access to A.

Theorem 33 Let n,B,L ≥ 0, β ∈ R+ ∪ {∞}, β′ = β + L
B , and n′ = n

log(n) . Let A be an

(ϵ, δ)-DP algorithm which is α-accurate for (Fn′
5L,β′ ,KB) for DP-ERM and has expected running

time T . Then there exists an algorithm which, using black box access to A, is (Õ(ϵ), Õ(δ))-DP and
Õ(α + BL√

n
+ BL

nϵ )-accurate for (Fn
L,β,KB) for DP-SCO, and has expected running time Õ(T +

B2L2

α2 ).

Note that any general DP algorithm for minimizing the population risk of non-smooth losses must
incur error at least BL√

n
+ BL

nϵ and runtime at least B2L2

α2 . Thus these additive factors are no worse
than what one would obtain with a “direct” algorithm for DP-SCO. In the smooth case, the running
time lower bound for finite sums is min{B2L2

α2 , n}, and since α ≥ BL√
n

, we again see that their is no
asymptotic loss in runtime.

We now show how to obtain the theorem using the following result from Bassily et al. (2023).
We borrow parameter definitions from the above theorem statement. As an aside, we note that
statements similar to Theorem 33 in different geometries are likely obtainable using a generalization
of this statement provided in Bassily et al. (2024).

Theorem 34 (Bassily et al., 2023, Theorem 1) Let A be an algorithm which, given D ∈ [B

√
log(n)

n , B]

and randomly generated point w′ ∈ W , satisfies E
w′,A

[L(A(OL))− L(w∗)] ≤ α̂D whenever

E
w′
[∥w′ − w∗∥] ≤ D and any L ∈ Fn′

5L,β′ .Then there exists an algorithm, which interacts with L

through at most log(n) calls to A and is α-accurate for (Fn
L,β,KB) for SCO with α = O

(
log(n)Bα̂+

log3/2(n)BL√
n

)
.

The original statement in Bassily et al. (2023) assumes the accuracy condition holds for all D > 0,
but an inspection of their proof shows that the relative accuracy condition is only used in their Eqn.

12 and for D ∈ [B

√
log(n)

n , B]. Further, Bassily et al. (2023) studied the more general case of saddle
point problems, but ERM can be recovered by assuming range of the dual parameter is a singleton.
Finally, we note that their algorithm only requires running the subroutine A on regularized version
of the loss, which, under their level of regularization, increases the smoothness parameter of the loss
by at most L

B .
It has essentially already been shown in (Arora et al., 2022, Section 5) how to obtain a DP

algorithm satisfying the accuracy condition of Theorem 34 using black box access to a DP con-
strained optimizer, although their setting differs slightly. We provide a self contained version of
their argument below. We will also make use of Fact 1 in Appendix A several times.
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Proof [Proof of Theorem 33] In the following, let T denote the expected running time of an α-
accurate DP-ERM algorithm, A, in the case where B = L = 1.

We fist boost the expected empirical risk guarantee of A into a high probability guarantee. Let
u0, . . . , uK be the result of K = log(n) independent runs of A on S. By Markov’s inequality, at
least one of these runs achieves excess risk 2α with probability at least 1− 1

2K
= 1− 1

n . For each run
j ∈ [K], we generate a loss estimate, Ej , by sampling (without replacement) a minibatch of 1/α2

losses from L and computing the average loss on uj . Since the range of the losses is 1-bounded, we

have by Chernoff-Hoeffding that, P[Ej −L(uj) ≥
√

8 log(n)
n ] ≤ 1

n2 . We then apply the exponential
mechanism with privacy parameter ϵ over the scores E1, . . . , EK to select the solution candidate
from u1, . . . , uK . The guarantees of the exponential mechanism ensures that with probability at
least 1 − 1/n the selected solution has loss within 4 log(n)

nϵ of the minimal loss candidate. Thus
we obtain an accurate solution with probability at least 1 − O(1/n) via a procedure that is via
an algorithm that is ((log(n) + 1)ϵ, log(n)δ)-DP. The expected running time of this procedure is
log(n)T + log(n)

α2 .
Applying Fact 1, we can assume access to an algorithm Ã, which with probability at least

1−O(1/n) achieves accuracy BLα̃ where α̃ =
(
α+

√
8 log(n)

n + 4 log(n)
nϵ

)
on problems which are

L-Lipschitz and have constraint set of radius at most B.
We now describe how to use Ã to obtain relative accuracy. Letting R = 1

2 log(n), we run A on
W0, ...,WR, to obtain candidate solutions w0, ..., wR, where Wr = W ∩{w : ∥w − w′∥ ≤ 2−rB}.
Observe w∗ ∈ Wr for any r ≤ log(1/∥w′−w∗∥)

log(2B) . We then pick the best candidate using the same loss
estimate/exponential mechanism procedure used in the boosting argument. It is then easy to see that
the solution selected by the exponential mechanism achieves excess empirical risk that is O

(
∥w′ −

w∗∥Lα̃ + BL
(√ log(n)

n + log(n)
nϵ

))
. Converting the high probability guarantee to expectation we

obtain excess empirical risk O
(
∥w′−w∗∥Lα̃+BL

(√ log(n)
n + log(n)

nϵ + 1
n

))
. By taking expectation

w.r.t. w′ we see the condition of the theorem is satisfied with α̂ = O(Lα̃). Theorem 33 then follows
by applying Theorem 34 to the previously described algorithm.

F.2. Reducing DP-ERM ot DP-SCO

The reverse direction was given by (Bassily et al., 2019, Appendix C), and we here note that this
direction can be performed without loss of log factors via a slightly different analysis. Specifically,
for ϵ ≤ 1/6 and δ ∈ [0, 1], given an (ϵ, δ)-DP-SCO solver ASCO, we first sample n points from
the empirical distribution over {ℓ1, . . . , ℓn}, then runs the DP-SCO solver on the resampled dataset.
By results for privacy amplification via subsampling with replacement (see Lemma 14 in Appendix
A), the result is (6ϵ, eδ)-DP. The bound on excess empirical risk follows directly from the accuracy
guarantees of ASCO, since it is run on i.i.d. samples from the empirical distribution.
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