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Abstract

Differentially private stochastic gradient descent
(DP-SGD) achieves privacy by clipping per-
sample gradients and injecting Gaussian noise,
but its utility is highly sensitive to the choice of the
clipping threshold C'. A fixed C often degrades
performance and necessitates repeated empirical
calibration. Existing adaptive clipping methods
either modify the gradient update in vanilla DP-
SGD, causing additional tuning or optimization
overhead, or introduce separate private queries to
monitor gradient statistics. In contrast, we lever-
age the slack information induced by the standard
clipping operation, an overlooked signal in prior
work, and show that it provides an effective indi-
cation for adapting C. In light of this, we propose
SlaClip, a privacy-preserving adaptive clipping
strategy using a post-hoc Slack Indicator. Un-
der the same training configuration and privacy
accountant, SlaClip preserves the sampling rule,
noise multiplier, and global ¢ sensitivity bound of
vanilla DP-SGD. Therefore, SlaClip is a plug-and-
play module for vanilla DP-SGD and its variants.
Moreover, SlaClip is accounted under the same
per-step privacy bound, while requiring no addi-
tional private query. Across diverse datasets and
tasks, experiments show that SlaClip consistently
outperforms baseline adaptive clipping methods.

1. Introduction

Differentially private stochastic gradient descent (DP-
SGD) (Abadi et al., 2016) is a standard approach for training
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Figure 1. Overview of SlaClip within the vanilla DP-SGD pipeline.
Both vanilla DP-SGD and SlaClip follow the same clip-average-
noise pipeline. SlaClip extends gradients by encoding slack infor-
mation during the clipping step. The extended gradients preserve
the original /> norm sensitivity bound, enabling the Slack Indicator
to be released through the same Gaussian mechanism without an
additional private query.

deep models under differential privacy (DP). At each itera-
tion, DP-SGD samples a minibatch of training examples and
computes per-sample gradients, which inherently encode
private information from individual data points. Particularly,
DP-SGD clips each gradient to a threshold C, aggregates
the clipped gradients over the minibatch (typically by av-
eraging), and perturbs the aggregate with Gaussian noise
calibrated to the resulting sensitivity bound, as illustrated by
the vanilla DP-SGD branch in Fig. 1. This noisy aggregate
is then released as a differentially private update. The model
then updates its parameters using this noisy aggregate, and
privacy loss composes over iterations.

Vanilla DP-SGD employs a fixed clipping threshold, typi-
cally selected via empirical calibration. However, gradient
norm distributions are non-stationary and evolve over train-
ing, so a fixed threshold can become misaligned with the
distribution: when substantial gradient norms lie above the
threshold, informative gradients are heavily truncated, when
few gradient norms exceeds it, the injected noise dominates
the update. This motivates adaptive clipping mechanisms
that track those dynamics during training.

A natural approach is to make the clipping threshold
iteration-dependent, denoted by C; at iteration ¢. Existing
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methods achieve this in two ways. One line of work adapts
C} by privately estimating gradient norm statistics (e.g.,
quantiles or distributional summaries) via additional private
queries (Andrew et al., 2021; Wei et al., 2025). Another
avoids such estimation by introducing other optimization
components (e.g., normalization rules or clipping sched-
ules), thereby relying on additional hyperparameter tuning,
or requiring pretraining (Pichapati et al., 2019; Bu et al.,
2023; Gilani et al., 2025). Both lines introduce overhead be-
yond vanilla DP-SGD, leaving the following open question:

Can adaptive clipping be achieved within the vanilla DP-
SGD release, without introducing additional private queries
or gradient transformations?

This paper answers this question affirmatively by propos-
ing SlaClip, which obtains a noisy statistical summary of
gradient norms below the current threshold C; without intro-
ducing any private query beyond the main DP-SGD release,
and updates C'; accordingly.

Fig. 1 illustrates the intuition behind SlaClip: vanilla DP-
SGD leaves the clipping induced slack information unused,
whereas SlaClip encodes this slack into extra coordinates
of the gradient vector and releases the resulting extended
gradient through the same Gaussian mechanism used for
the DP-SGD update. The encoding preserves the original
global /5 sensitivity bound (proof in Lemma 3.2), so the
released slack coordinates provide a noisy Slack Indica-
tor: a privacy-preserving, binned estimate of the cumulative
distribution function (CDF) of gradient norms on [0, C].
This CDF estimate provides both near threshold and signal
from small gradients for adapting C;, without introducing
an additional private query. Moreover, SlaClip derives the
Slack Indicator from the additional coordinates of the same
Gaussian release, while leaving the gradient update coor-
dinates unchanged. This makes SlaClip a plug-and-play
module for vanilla DP-SGD and for its variants that do not
already implement adaptive clipping. Our contributions are
threefold:

* We propose the Slack Indicator, a privacy-preserving
signal from the main DP-SGD Gaussian release that
provides a noisy, discretized CDF estimate of gradient
norms below C;.

* We develop SlaClip, an adaptive clipping strategy for
DP-SGD driven by the Slack Indicator.

* We empirically show that SlaClip is competitive with,
and often improves utility over, existing methods under
matched privacy budgets.

2. Revisiting DP-SGD

Differential Privacy (DP) ensures that the output of a
dataset analysis query (e.g., average) is nearly equally likely

whether any single individual’s sample is included or not
(Dwork & Roth, 2014). Formally, a mechanism M is (g, §)-
differentially private if for any adjacent datasets D ~ D’
and any measurable set .S,

PrM(D) € S] < eEPM(D') € 8] +06. (1)

where ¢ controls the distinguishability between outputs on
adjacent datasets and ¢ is a small failure probability. This
guarantee can be achieved by adding calibrated Gaussian
noise to the query output before its release. In particular, if
the query produces a d-dimensional output f(D) (e.g., an
averaged gradient vector), the Gaussian mechanism releases

M(D) £ f(D) + N(0, (0 As(f))*La), )

where o is a data-independent noise multiplier and I; de-
notes the d-dimensional identity matrix. The global £ sensi-
tivity Ao (f) measures the maximum influence that a single
record can have on f(D):

As(f) £ sup

D~D’

f(D) = f(D"]|. 3)

The Gaussian mechanism is calibrated to this global /o
sensitivity, which measures the largest possible change in
the vector-valued query under one record perturbation.

DP-SGD (Abadi et al, 2016) applies DP to high-
dimensional, gradient-based queries derived from individual
training samples, and therefore follows the same ¢ norm
sensitivity framework. It includes a key extension:

Sensitivity control via clipping. Unlike typical DP queries
that assume a bounded sensitivity in dataset, gradients pro-
duced by training samples can vary substantially in mag-
nitude. As a result, the /5 norm sensitivity can become
very large, requiring significant noise (Eq. (2)), which may
eventually dominate the useful gradient updates and im-
pede model convergence. DP-SGD addresses this issue via
per-sample {5 clipping, which bounds individual gradient
contributions and controls the sensitivity Ao (f).

Formally, DP-SGD can be described in four steps. The first
three steps are illustrated in Figure 1; the fourth step tracks
the accumulated privacy loss and applies the model update
as post-processing.

Step I: Gradient computation. This step is identical to the
gradient computation performed in standard SGD: at itera-
tion ¢, a minibatch ; is sampled according to the specified
sampling rule. For exposition, we write g for the sampling
rate used by the privacy accountant and B = ¢ - | D| for the
nominal, or expected, batch size. Under Poisson subsam-
pling, the realized minibatch size |B;| may vary across itera-
tions, while B is used as the fixed normalization constant
in the Gaussian release. The sampled examples produce
per-sample gradients g; ; € R fori € B;.
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Step II: Per-sample /5 clipping. Given a clipping threshold
C; > 0 (vanilla DP-SGD uses a fixed C; = Cy > 0), it
applies per-sample {5 clipping for all i € B;:

gl < Ci,

4
lgt,ill > Ct.

. giis
Clipe, (8ti) = 7
Cy Ci-gei/llgell,

Step III: Aggregate, noise and release. Since Step II en-
forces ||Clipc, (g:,i)|| < Cy for all i € By, the per-iteration
average query on gradients

1 .
favg(D) £ B Z Clipc, (&t,i)
i€B,

has bounded global /5 sensitivity under the add/remove
neighboring relation:

Ao(favg) = SUP || favg(D) = favg(D")|| < Ci/B.
D~D’

Therefore, the clipped gradients are averaged and perturbed
with Gaussian noise calibrated to this sensitivity:

~ 1 ] C
B =7 Z Clipe, (gt,i) +N(0, (UBtPId) NG))

1€B

Upon completion of this step, g; constitutes a differentially
private gradient release.

Step IV: Privacy accounting and model update. The
release in Step III incurs privacy loss, which is tracked by a
privacy accountant. In our exposition and experiments, we
use the common Rényi differential privacy (RDP) accoun-
tant (Mironov, 2017) as an instantiation. Given a specified
sampling scheme (e.g., Poisson subsampling) and hyperpa-
rameters, namely the sampling rate g, noise multiplier o,
and Rényi order o > 1, the privacy accountant computes
the per-step RDP parameter by bounding the Rényi diver-
gence between the output distributions on adjacent datasets.
Specifically, for two probability distributions P and @), the
order-o Rényi divergence is

D.(PIQ) = —rios [ (§5) a0

A mechanism satisfies («,e,)-RDP if, for all adjacent
datasets, the order-a Rényi divergence between the cor-
responding output distributions is at most £,. In DP-SGD,
the accountant bounds this order-« divergence for the sub-
sampled Gaussian mechanism at each iteration, yielding the
corresponding per-step RDP guarantee.

Updating model parameters 6,11 = 6; — Ir - g; is post-
processing of a differentially private release and therefore
does not affect the privacy guarantee (Dwork & Roth, 2014).
DP-SGD then proceeds to iteration ¢ + 1 and repeats Steps I-
IV while tracking the cumulative privacy loss until the pre-
specified privacy budget is exhausted.

3. SlaClip

Motivation. This paper considers DP-SGD under a fixed
configuration setting, denoted Reg*, in which all training
and privacy configurations are specified a priori, includ-
ing the dataset domain D, the neighboring relation ~, the
sampling rule, the nominal batch size or sampling rate, the
noise multiplier o > 0, and the privacy accounting rule.
Within such a fixed configuration, the clipping threshold re-
mains the primary degree of freedom affecting model utility.
Vanilla DP-SGD uses a fixed clipping threshold C; = C,
chosen typically via empirical calibration. However, the
gradient norm distributions are non-stationary and evolve
over iterations, so a fixed C; cannot remain well aligned
with the training dynamics. As shown in Eq. (4), when
a substantial fraction of ||g; ;|| lies above C}, many infor-
mative gradients are truncated, causing excessive clipping;
when few samples’ ||g;.;|| exceed C}, the noise injected in
Eq. (5) can dominate the gradient update. This motivates
adaptive clipping approaches that respond to distributional
dynamics during training.

Our approach follows the intuition of Google’s Adap-
Clip (Andrew et al., 2021): estimating the fraction of clipped
samples at iteration ¢ provides a feedback signal for updat-
ing the clipping threshold C; 1, allowing the threshold to
evolve adaptively during training.

However, Adap-Clip introduces an additional per-iteration
private query (bit sum) to count the clipped samples. Under
a fixed privacy accountant, this extra query requires addi-
tional privacy accounting, and maintaining the same target
privacy budget typically necessitates either stronger noise
or privacy budget reallocation across releases. Subsequent
work (Wei et al., 2025) follows the same additional private
query design pattern by re-balancing noise across multiple
releases under a fixed privacy budget.

We note that this line of work underexplored an inherent
property of the Gaussian releases in high dimension, for-
malized in Theorem 3.1 below. We show that this property
can be leveraged to estimate the gradient norm distribution
without introducing any private query beyond the main DP-
SGD release. This insight leads to SlaClip, a single-release
adaptive clipping method.

The following result formalizes the sensitivity-preserving
extension principle used by SlaClip. The principle is not tied
to RDP (Mironov, 2017): if the extended query preserves
the original global ¢5 sensitivity bound and uses the same
Gaussian noise multiplier under the same sampling rule,
then it is passed to a subsampled Gaussian accountant with
the same per-step accounting parameters. For concreteness,
we instantiate the statement with the RDP bound for the
Gaussian mechanism.

Theorem 3.1 (Extension of the Gaussian Mecha-
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nism (Dwork & Roth, 2014)). Extending a Gaussian query
with additional, possibly informative coordinates does not
change the Gaussian mechanism RDP upper bound when
the extension preserves the original query’s global {5 sensi-
tivity.

Let f : D — R4, f+: D — RHE pe deterministic
query functions on D, where d and d + K denote the output
dimensions. D ~ D' are adjacent datasets. Let D, (x||*)
denote the Rényi divergence with order o. If Ao(f) =
Ao (fT) = A, then the Gaussian mechanism satisfies the
same RDP guarantee for f and f+:

sup De(W(F(D), (0A) L) IN(F(D). (024)°L))
sup Do (N7 (D). (02) Laws) IN(F (D). 08) L)

Proof. Based on the exact Rényi divergence bound
(Mironov, 2017) on Gaussian noise, we have the di-
vergence D, (N (f(D), (0 AL\ N(f (D), (0 A)*1y)
equals to « - ||[f(D) — f(D")||?/(20% A?), and the
Do (FH(D), (04) Ly i) [N(FH(D), (0A)Tas 1))

equals to o - || fH(D) — fH(D")||?/ (202 A?%). By assump-
tion, we have As(f) = sup ||f(D) — f(D’)| equals to

D~D’

Ao(f+) = sup ||[fT(D) — fT(D")]|, then we obtain the
D~ D’
conclusion.

Overview. We design SlaClip by exploiting Theorem 3.1
as a design principle: within a single DP-SGD iteration,
one may release a higher-dimensional vector in place of the
vanilla noised average gradient while preserving the same
Gaussian-mechanism privacy bound, provided the result-
ing query preserves global ¢, sensitivity, i.e., Aa(faug) =
Ao(fih,)- Here, faug and fif,, denote the average queries
over the vanilla and extended gradients, respectively, within
a single DP-SGD iteration and with a single Gaussian re-
lease.

A simple instantiation of this principle would mirror Adap-
Clip: append a per-sample clipped/unclipped binary indi-
cator as an extra dimension and let DP-SGD aggregate and
noise it in the same DP-SGD Gaussian release. However,
we note Theorem 3.1 is more permissive: the Gaussian-
mechanism privacy cost bound is dimension independent
and does not depend on K, provided the extension preserves
the original global ¢5 sensitivity used for calibration. Mo-
tivated by this, we revisit the DP-SGD pipeline to identify
a signal that can be encoded into extra coordinates while
(1) introducing no private query beyond the main DP-SGD
release, (ii) maintaining As(favg) = A2(f,,), and (iii)
providing informative summaries of ||g; ;|| distribution.

We show that such a signal exists and is naturally available
within DP-SGD, which we term the slack, i.e., the below
threshold gap (C; — ||g:,:||)+ between the current threshold
and the per-sample gradient norm. We now describe how
SlaClip implements the above principles.

Step 1: Gradient computation. This step is identical to
vanilla DP-SGD step I (Section 2): compute per-sample
gradients g, ; € R? for i € B,. We note another line of
adaptive clipping methods transforming the gradients at
this step, often introducing additional hyperparameters or
require pretraining (Bu et al., 2023; Gilani et al., 2025).
SlaClip follows a different design direction and is evaluated
against representative methods from both lines in Section 4.

Step 2: Clipping and Slack encoding. In the per-sample
gradient clipping process of Eq. (4), clipping also induces
slack information, namely the unused norm margin between
the clipping threshold and the gradient norm, given by
max{ C¢ — ||g:4||, 0}. Fig. 2-B provides a simple illustra-
tion of this slack information.

SlaClip encodes this slack information without interfering
with the vanilla DP-SGD procedure. For each per-sample
gradient g; ; € R?, SlaClip appends a K -dimensional vec-
tor to the original gradient:

g::z = [Cllpct (gtﬂ,), St,i ] . (6)

Here, g, is the extended (d + K)-dimensional gradient,
and s, ; is a slack vector that encodes the above slack infor-
mation and is defined as

s 2 A1 b 0], )

where \ £ C, / VK and 1(® denotes an a-dimensional
all-ones vector. The parameters « € N and b € [0, \) are
uniquely determined by

VE -max{C; — ||gill, 0} = aX +b. 8)

The choice of A is dictated by norm geometry: since
each coordinate of s; ; has magnitude at most A, we have
Ist,ill2 < VK X\ = C,. This coordinate wise cap enables
fine-grained encoding while keeping the slack component
uniformly bounded; together with the construction in Eq. (6),
it yields the full per-sample bound ||g;"|| < C; proved in
Lemma 3.2. '

Lemma 3.2 (Per-sample /5 bound of extended gradient).
For all i € By, the extended gradient given in Eq. (6) sat-
isfies ||gt+ ;I < Cy. Consequently, under add/remove ad-
jacency, the {5 sensitivity of the average query satisfies
As(filye) = Ct/B = As(favg). (Full proof in Appendix

avg

Lemma. B.2)
Proof Sketch. If ||g; ;|| > C, Eq. (6) gives
gl = l[C: - gr.i/llge.ill; O]l = Ci-

If ||g: || < C, then by Eq. (7), and A = C;/VK < C,
g% = llgeill® + ar® + 6% <[|geil* + A(ax + b)
< lgtill® + Ce(Cr — llgeall) < CF,
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(A) Empirical CDF of clip(||g,|) (B) Ordered bar plot of ||g,| (C) Slack vector after aggregation (K=5) (D) Slack Indicator $, (K=5)
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Figure 2. Tlustration of the Slack Indicator as a binned CDF estimator. (A) The empirical CDF of clipped gradients’ /2 norms is the
reference target: it is not directly queried, but represents the distributional information that the Slack Indicator aims to estimate. (B-D)
SlaClip obtains this estimate through slack encoding, aggregation, and noisy release. (B) Ordered per-sample gradient norms with clipping
at threshold C¢, where slack is the gap between C; and the unclipped norm. (C) Aggregated K = 5 dimensional slack vector in reversed
index order, with each coordinate capped at A = C'/+/5 and adjacent coordinates corresponding to gradient norm bins of width C'/5. (D)
The Slack Indicator §:, obtained after Gaussian noise and normalization, provides a privacy-preserving, binned estimate of the reference

CDF in (A).

implying [lg/";|| < C;. Under B ~ B’ add/remove adja-
cency, the average query satisfies

Cy

Az(f;'_ug) = ggg/ ||f;ug(8)_f;;g(81)|| = § = AQ(fa'ug)~

Step 3: Single-release Gaussian release. As part of the ex-
tended gradient, slack vectors inherit the privacy guarantee
of the vanilla DP-SGD Gaussian mechanism:

Ep
1 C
~ g
g = B EZB g JFN(()’ (Bt)21d+K) )

Fig. 2-B-D provide a simple example illustrating the above
steps. This uses no additional private query beyond the main
DP-SGD release: the extended average query f 4 and the
slack summary are released together in a single Gaussian
release. By Lemma 3.2, the extended averaged query f.f, g
preserves the original global ¢ sensitivity calibration C;/B
of the vanilla averaged clipped gradient query. Hence, un-
der the same sampling rule, noise multiplier, and privacy
accountant, SlaClip is accounted with the same per-step
privacy cost upper bound as vanilla DP-SGD. Theorem 3.1
instantiates this dimension extension argument with the

RDP bound for the Gaussian mechanism.

In contrast, methods such as Adap-Clip (Andrew et al.,
2021) introduce additional private queries at this step, which
require additional privacy accounting; under the same target
privacy budget, this typically necessitates stronger noise or
privacy budget reallocation across releases.

Writing the last K coordinates explicitly, the differentially
private release is given by

g = (8 s, (10)
where g; is identical to the noised gradient released by
vanilla DP-SGD and is used for the model update, while

St is the released slack summary. SlaClip further builds
the Slack Indicator by normalizing it as §; = 3;/\ to guide

Slot value

Figure 3. Visualization of the released Slack Indicator profiles over
training on CIFAR-10 with K = 40. For visual clarity, we plot
only the profile from one minibatch of each epoch. Each profile
gives a noisy, binned estimate of the CDF of gradient norms on
[0, C¢]. The first coordinate, corresponding to the bin nearest Ct,
quickly stabilizes around 0.5 and provides feedback for threshold
adaptation, while the last coordinate reflects the increasing mass
of small-norm gradients near zero.

clipping threshold adaptation.

Statistical Interpretation of Slack Indicator s;. As
illustrated in Fig. 2, the normalized release §; can be
viewed as a noisy, binned estimate of the cumulative dis-
tribution function (CDF) of clipped gradient ¢ norms
l|clipc, (g¢,:)|| over the minibatch. Each slack coordinate
is capped at A = C,/+/K; after mapping back to gradi-
ent norm space, adjacent coordinates correspond to equal-
width bins of width C;/ K. Specifically, the k-th coordinate
3¢,k estimates a bin-averaged CDF value over the interval
[C: — kC:/K, Ct— (k—1)Cy/K].

Formally, the normalized released coordinate can be written
as

K Ci—(k—1)C/K
Stk = Hlgeill < u} du+ eqp,
BC, iez,;t /Ct—kC,,/K t | J
(1D

where ¢, ;, denotes the normalized Gaussian noise. Equiv-
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alently, e, = & /A with & ~ N(0, (0C/B)?). Ignor-
ing the zero-mean Gaussian noise, E[$; ;] lies between the
endpoint CDF values:

[Pr (llgeill < Co— 56 ), Pr (Jlgeall < € — G522,

The above interpretation implies that each minibatch pro-
cessed by SlaClip yields a privacy-preserving, binned CDF
estimate of gradient norms on [0, Cy], providing richer in-
formation than a single clipped/unclipped statistic. Fig. 3
visualizes such released Slack Indicator profiles on CIFAR-
10 with K = 40 extra coordinates. The profiles show that
the Slack Indicator captures both near threshold behavior
and the growing mass of small-norm gradients, which we
use next to adapt the clipping threshold.

Step 4: Clipping threshold adaptation. Motivated by
these two signals, we first consider the near threshold co-
ordinate. The first coordinate 3; ; estimates a bin-averaged
CDF value nearest the current clipping threshold CY, and
therefore serves as a noisy surrogate for the unclipped frac-
tion at iteration . One may naturally use this estimate to
update the threshold following Adap-Clip (Andrew et al.,
2021):

Crar < Crexp(n(y = 1) ) (12)

where 7 is the adaptation step size and vy denotes the target
CDF level, equivalently a surrogate for the desired unclipped
fraction. Adap-Clip sets v = 0.5 (the median), a choice
validated through extensive empirical evaluation and shown
to perform robustly across tasks without hyperparameter
tuning. We refer to this variant as SlaClip-Q. Unlike Adap-
Clip, which relies on additional private queries to estimate
the fraction, SlaClip-Q introduces no private query beyond
the main DP-SGD release.

We further examine this adaptation rule and note a limitation.
During DP-SGD training, small-norm gradients contribute
little to the model update, as their effect can be dominated
by the injected Gaussian noise, whereas Eq. (12) treats all
gradients as equally informative. Intuitively, such gradients
should not influence the threshold update. While no existing
work explores this direction, the Slack Indicator offers a
principled solution: by construction, the last coordinate 3¢ g
captures the CDF mass near zero and thus serves as a noisy
surrogate for the mass of small-norm gradients. Appendix C
provides its CDF area interpretation and DP noise scale. We
therefore use the threshold adjusted signal §; x /C} to form
the dynamic target clipping ratio. This yields a dynamic
target clipping ratio vy £ Tljg 1)(1 — (1 — 8, x/C)/2).
Substituting -, into Eq. (12) gives the SlaClip adaptation:

Ciy1 < Crexp(n (e — 3¢,1)) - (13)

The updated threshold Cyy; is then used for clipping in
iteration ¢ + 1.

Algorithm 1 SlaClip (iteration t): SlaClip release and
threshold adaptation

Input: minibatch B;, normalization constant B, clipping
threshold C}, extra coordinates K, noise multiplier o,
stepsize 1
Output: released g;, s;, updated threshold Cyy 1
Set A + Ct/\/f
for each i € B; do
Compute per-sample gradient g; ; € R4
Construct extended gradient gtf , by (6)
end for
Sample N; ~ N(0, (¢C;/B)*144 k)
Release 8, < & Y .cp. &/ + M
Parse g;" = [g;; ;] and set §; < 5;/\
Compute v + g 1)(1 — (1 — 8,5 /Ct) /2)
Update Cy11 < Crexp(n (v — 81.1))

Throughout Steps -1V, SlaClip updates the clipping thresh-
old without introducing any private query beyond the main
DP-SGD release and without altering the vanilla DP-SGD
Steps I-IV (Section 2); the only change on DP-SGD is the
value of the clipping threshold, thereby making SlaClip a
plug-and-play, single-release adaptive clipping method for
vanilla DP-SGD, as summarized in Algorithm 1.

Choosing K. The adaptation step size 7 is a standard hy-
perparameter in adaptive clipping, while the slack vector
dimension K is the only additional hyperparameter intro-
duced by SlaClip when applied to DP-SGD (Algorithm 1).
Although Lemma 3.2 holds for any choice of K, we posit
that K can largely impact the quality of the CDF estimation.
As illustrated in Fig. 2-C, selecting K involves a trade-off:
larger values yield higher resolution binned CDF estimates
after aggregation, but also amplify the impact of Gaussian
noise, which can dominate 5, ,, degrade CDF estimation
quality, and reduce clipping utility (Appendix Table 6). This
effect is also visible in Fig. 3: when using K = 40 for
visualization, some released Slack Indicator profiles exhibit
mild monotonicity violations, where larger index coordi-
nates occasionally exceed smaller index coordinates despite
the expected non-increasing ordering of the underlying CDF
estimates. We resolve this trade-off by exploiting the mono-
tonicity of the CDF and derive an upper bound

K < (B/(220.9050) /3, (14)

which guarantees with 99.5% confidence that Gaussian
noise does not induce violations of the expected non-
increasing ordering of the binned CDF estimates, i.e.,
Stk > 8t k+1. A detailed discussion is provided in Ap-
pendix D. Consequently, once B and o are fixed, K is
determined without additional hyperparameter tuning.
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4. Experiments

Datasets, models, and baselines. We evaluate SlaClip on
five vision and text datasets: MNIST, F-MNIST (LeCun &
Cortes, 1998; Xiao et al., 2017), CIFAR-10 (Krizhevsky,
2009), IMDB sentiment (Maas et al., 2011), and Names
character-level classification. Each dataset is paired with
an architecture commonly used in previous DP training and
clipping studies (LeCun et al., 1998; Papernot et al., 2021;
Bu et al., 2020), as summarized in Table 1; additional imple-
mentation details are provided in Appendix A. We compare
against four representative baselines: Vanilla-Clip (Abadi
et al., 2016), AutoClip (Bu et al., 2023), Adap-Clip (An-
drew et al., 2021), and DC-SGD-E (Wei et al., 2025). We
additionally include SlaClip-Q, introduced in Step 4 of
Section 3, as an ablation of the adaptation rule. Code to
reproduce our experiments is available in the GitHub repos-
itory.

Evaluation protocol. The fixed configuration setting Reg*
in Section 3 is used to analyze the mechanism and privacy
accounting of SlaClip. For empirical comparison, we use
a fairly tuned protocol based on a shared hyperparameter
pool and validation selection, to avoid favoring any method
through a manually chosen training configuration. For each
method, dataset, and privacy budget, we sweep over the
same hyperparameter pool and select the configuration us-
ing validation accuracy. We then retrain the selected config-
uration with three random seeds {42, 43,44} and report the
resulting test accuracy as mean = std. This protocol allows
each method to use its own validation selected configura-
tion while using the same hyperparameter search space and
validation selection rule. For MNIST, F-MNIST, IMDB,
and Names, we sweep Ir € {0.01,0.05,0.1,0.2,0.5,1},
B € {256,512,1024}, and Cy € {0.1,0.5,1,5,10}; for
CIFAR-10, we use the same [r and C pools and sweep
B € {512,1024,2048}. We additionally consider constant
and cosine learning-rate schedules. For each target privacy
budget and candidate batch size, we calibrate the noise mul-
tiplier o under the same accountant, sampling rule, and
training horizon; the calibrated values are reported in Ap-
pendix Table 2.

4.1. Performance Comparison

We first report the main fairly tuned comparison, followed
by diagnostic and hyperparameter sensitivity analyses.

Main fairly tuned comparison. Table 1 reports the main
fairly tuned comparison. Across datasets and privacy bud-
gets, SlaClip achieves competitive or improved utility, and
frequently attains the best or second-best private accuracy.
SlaClip-Q is often comparable to Adap-Clip and can outper-
form it in several settings, showing that the CDF information
near the threshold is already useful for adapting C}. The full
SlaClip further uses the near-zero part of the CDF to reduce
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Figure 4. Representative grid-search heatmaps on F-MNIST un-
der different target privacy budgets. Rows correspond to clip-
ping methods and columns correspond to target privacy budgets
e € {1,2,3}. Within each panel, the z-axis is the learning rate
Ir € {0.01,0.05,0.1,0.2,0.5, 1} and the y-axis is the initial clip-
ping threshold Cy € {0.1,0.5,1,5,10}. Each cell reports the best
final test accuracy over the batch-size pool B € {256, 512,1024}
for the corresponding method, privacy budget, learning rate, and
Co. The figure illustrates how different clipping strategies respond
to the interaction between learning rate and initial clipping thresh-
old. The color scale uses a nonlinear normalization that expands
the accuracy range within 0.1 of the best value and compresses
lower ranges. For each privacy budget, the red star marks the best
configuration across all methods and displayed hyperparameters.

the influence of small-norm gradients when forming the tar-
get clipping level, which is consistent with its improvements
over SlaClip-Q in many settings. The Non-DP column is
included only as a reference for the remaining utility gap
under privacy.

Grid-search landscape. Figure 4 visualizes the F-MNIST
grid-search landscape under the same fairly tuned protocol.
This representative heatmap is included to illustrate how dif-
ferent clipping strategies respond to the interaction between
learning rate and the initial clipping threshold Cy. Com-
pared with the baselines, SlaClip exhibits a broader high
accuracy region around the common learning-rate range
near 0.1 and is less sensitive to the initial choice of Cj in
this region. This suggests that the Slack Indicator can help
stabilize clipping threshold adaptation across a range of
plausible initial thresholds, rather than requiring a narrowly
tuned C().

Controlled diagnostics. The strongest privacy regimes re-
quire more care because the Slack Indicator needs enough
updates to stabilize. In the main comparison, the target pri-
vacy budget is fixed before training, and o is calibrated for
the full prescribed training horizon. This protocol, which
calibrates o for the target privacy budget, differs from an
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Table 1. Fairly tuned comparison under matched privacy budgets. For each method, dataset, and privacy budget, we first perform a
grid search over a shared hyperparameter pool and select the configuration using validation accuracy from a single selection seed. The
selected configuration is then retrained with three random seeds {42, 43, 44}, and we report the resulting test accuracy (%) as mean +
std. Unless otherwise specified, the shared search space includes learning rate {0.01, 0.05, 0.1, 0.2, 0.5, 1}, batch size {256,512, 1024},
initial clipping threshold Cyy € {0.1,0.5,1, 5,10}, and learning-rate schedule {constant, cos}. For CIFAR-10, the batch-size pool is
instead {512, 1024, 2048}. Method-specific adaptive parameters are additionally swept when applicable. The Non-DP column reports
the corresponding non-private reference using the same model family. Within each dataset and privacy budget, the best private result is in
bold and the second best is underlined. The selection protocol and implementation details are summarized in Appendix A.

DATASET MODEL & VANILLA-CLIP ADAP-CLIP

DC-SGD-E

AuTOoCLIP SLACLIP-Q SLACLIP NoON-DP

4 60.2440.19

59.56+0.48 53.22+0.43 60.95+0.65 59.52+0.35

60.4140.64

CIFAR-10 CNN-4 6 65.4840.21 65.31£0.35 59.76+£0.34 65.55+0.39 65.47+0.33 65.67+0.47 79.70+0.21
8 68.08+£0.12 68.75+0.59 64.104+0.38 68.294+0.25 69.43+£0.27 69.48+0.52
1 92.234+0.37 92.67+0.34 93.40+£0.40 92.61£0.31 92.05+0.39 94.15+0.32
MNIST CNN-2 2 95.764+0.16 96.284+0.25 95.70+0.25 95.68+0.34 96.21+0.30 96.49+0.19 99.23+0.13
3 96.57+£0.09 97.33+0.17 96.49+0.18 96.40£0.19 97.38£0.18 97.48+0.15
1 83.83£0.45 84.11+0.36 83.66+0.81 84.05+0.55 83.87+0.31 84.56+0.36
F-MNIST CNN-2 2 85.77£0.34 86.39£0.26 85.814+0.58 85.60+0.45 86.40+0.36 86.63+0.38 92.64+0.08
3 87.12+£0.29 87.01+0.20 86.90+0.39 86.74+0.21 87.20£0.27 87.24+0.22
2 61.62+0.38 73.44+0.46 62.69+0.43 75.51+0.39 73.424+0.65 74.64£0.57
IMDB MLP 4 67.78+0.35 77.12+0.53 71.74£0.49 78.54+0.47 77.27£0.58 78.62+0.50 83.03+0.12
6 71.04£0.23 78.64+0.45 74.60+0.37 79.444+0.26 78.96+0.34 79.59+0.35
72.80£0.48 73.19£0.54 71.35+0.68 72.45+0.67 72.97+0.58 73.1540.53
NAMES CRNN 75.44£0.59 75.5440.36 75.24+0.64 74.34+£0.60 76.194+0.45 76.48+0.41 84.43+0.24
3 76.63+0.45 76.0840.32 76.584+0.58 75.78+0.33 76.36+0.37 76.83+0.52
therefore are not equivalent to training with a noise multi-
soofl ) epoch=1, step=1 : (B1epoch=2, step=1 plier calibrated for a full ¢ = 1 training horizon. In that
] | early-checkpoint regime, training has only just begun, so the
g4% : : 75% Slack Indicator has little opportunity to track the distribution
§300 : F S0 of gradient norms. Figure 5 further illustrates this behavior:
2500 : : o early in training, most norms exceed the threshold and slack
8 1 | information below the threshold is sparse, whereas later a
100 : : o5 1o 15 5055350 substantial near-zero mass appears. This later regime is
= 5 6 e TG where SlaClip differs most from Adap-Clip, because it uses

[ unclipped Gradients [l ] Clipped Gradients
=== Vanilla-Clip === AdapClip === DC-SGD-E

Clipping Slack
== SlaClip

Per-sample Gradient Norms (Sorted)

Figure 5. Sorted per-sample gradient norms on MNIST under
Vanilla DP-SGD with a fixed clipping threshold C; = 1, with
batch size 512. (A) shows an early minibatch, where most gradient
norms exceed the reference threshold and the slack signal below
the threshold is sparse. (B) shows a later minibatch, where a
substantial mass of small-norm gradients appears. Dashed marker
lines are approximate and are provided only for visual reference.

early-checkpoint diagnostic protocol, which fixes a larger
final privacy budget and inspects the model before the accu-
mulated privacy loss reaches a smaller value. Appendix F
follows this latter diagnostic protocol: it inspects early
checkpoints from a run targeting a larger final privacy bud-
get € = 3 before accumulated privacy loss reaches € = 1.
Although these checkpoints also satisfy the smaller privacy
budget, they occur after only a small number of updates and

both the coordinate near the threshold and the near-zero
coordinate of the CDF profile. Figure 6 complements this
analysis by showing that larger initial thresholds can help
under strong privacy constraints on MNIST and F-MNIST,
while SlaClip remains relatively stable across tested initial-
izations on the other datasets.

Additional controlled ablations and diagnostics. Addi-
tional controlled ablations on 7, K, batch size, and Cj are
provided in Appendix F. The step size ablation supports
the default choice » = 0.2, while the K ablation validates
the design rule in Eq. (14). Appendix F further reports a
controlled fixed recipe comparison and clipping threshold
trajectories, which isolate the behavior of different clipping
rules when all methods share the same manually fixed DP-
SGD recipe. Together, these supplementary results support
the default choices used in the main comparison and fur-
ther characterize the regimes in which the Slack Indicator is
most informative.
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Figure 6. Controlled fixed recipe sensitivity to the initial clipping threshold Cy. For each clipping strategy, bars are ordered from left
to right by Cy € {0.1,1, 5,10, 20}. Each bar is segmented by three privacy budgets per dataset, where lighter color indicates larger ¢.
Heights report test accuracy. This controlled analysis complements the grid-search heatmap by varying Co across datasets while keeping

the remaining training recipe fixed.

5. Related Work

Due to space constraints and because we discuss and com-
pare closely related methods alongside our methodological
exposition, we defer a full review to Appendix E. Existing
adaptive clipping approaches can be broadly grouped into
two lines: methods such as Adap-Clip that adapt C} using
additional private queries (e.g., quantile or distribution es-
timation), thereby requiring additional privacy accounting
and requiring stronger noise to maintain a fixed privacy bud-
get (Andrew et al., 2021; Wei et al., 2025); and methods that
avoid extra queries but modify the optimization procedure,
such as AutoClip and GeoClip, which introduce gradient
transformations and shift sensitivity to other optimization
choices; moreover, both methods rely on pretraining when
evaluated specific datasets (Bu et al., 2023; Gilani et al.,
2025; Xia et al., 2023).

6. Conclusion

We propose SlaClip, a single-release adaptive clipping, plug-
and-play method for vanilla DP-SGD. SlaClip operates en-
tirely within the standard DP-SGD release and without in-
troducing additional private queries or optimization com-
ponents. This is enabled by a tailored Slack Indicator that
encodes slack information into extended gradients while
preserving the original global ¢y sensitivity of the query.
Experimental results show that SlaClip improves model
utility over existing baselines in most settings. SlaClip is
modular and composes naturally with other DP-SGD mech-
anisms; for example, under per-layer clipping (McMahan
et al., 2018), SlaClip can be applied in parallel via layer-
wise Slack Indicators. Finally, SlaClip currently exploits
only the most informative Slack Indicator coordinates, leav-
ing exploitation of its structure as a promising direction for
future work.
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A. Implementation Details and Hyperparameters

DP training pipeline. All private experiments are implemented in Opacus (Yousefpour et al., 2021) and trained with
DP-SGD. Privacy is tracked using the Rényi differential privacy (RDP) accountant provided by Opacus with its default set
of RDP orders, and the final privacy guarantee is reported by converting the accumulated RDP to (¢, §) at the end of training.
For the main fairly tuned comparison, the noise multiplier ¢ is calibrated for each target privacy budget using the same
accountant, sampling rule, and training horizon. Per-sample gradients are computed using the hooks-based mechanism in
Opacus. After validation-based hyperparameter selection, each selected configuration is retrained with three random seeds
{42,43, 44}, and we report mean=std test accuracy.

Datasets and model architectures. We evaluate on five benchmarks: MNIST (LeCun & Cortes, 1998), F-MNIST (Xiao
et al., 2017), CIFAR-10 (Krizhevsky, 2009), IMDB (Maas et al., 2011), and Names. For each dataset, we use a fixed
architecture across all methods:

¢ CIFAR-10: CIFAR-ConvNet (AvgPool-GAP CNN). A 4-layer CNN composed of 3 x 3 convolution—ReL.U blocks,
average-pooling for downsampling, global average pooling, and a linear classifier.

* MNIST/F-MNIST: MNIST-ConvNet (LeNet-style CNN). Two convolution—-ReLU-maxpool blocks followed by a
two-layer MLP classifier head.

e IMDB: IMDB-MLP (Deep Averaging Network). Token embeddings (16-d), global average pooling over the sequence,
and a two-layer MLP for binary classification.

¢ Names: Char-RNN (character-level recurrent model). Character embeddings (128-d) and a DP-LSTM encoder; the
last valid timestep representation is fed into a linear classifier.

Main fairly tuned protocol. For the main comparison in Table 1, all methods are evaluated using the same hyperparameter
search space and validation selection rule. For each method, dataset, and target privacy budget, we select one configuration
using validation accuracy from a single selection seed, and then retrain the selected configuration with seeds {42, 43,44}.
For MNIST, F-MNIST, IMDB, and Names, we sweep Ir € {0.01,0.05,0.1,0.2,0.5,1}, B € {256,512,1024}, Cj €
{0.1,0.5,1,5,10}. For CIFAR-10, we use the same learning rate and Cy pools and sweep B € {512,1024,2048}. We
additionally consider constant and cosine learning-rate schedules. We train CIFAR-10 and IMDB for 90 epochs, and MNIST,
F-MNIST, and Names for 30 epochs. For each target privacy budget, the noise multiplier o is calibrated separately for
each dataset, batch size, training horizon, sampling rule, and RDP accountant. Table 2 reports the calibrated values used
in the grid search. When applicable, method specific adaptive parameters are swept within the same validation selection
protocol. Because the full list of selected configurations is large, we provide the sample command line arguments with
selected hyperparameters in the released code repository for reproducibility.

Privacy parameters. Unless otherwise stated, we use § = 10~5 for MNIST, F-MNIST, CIFAR-10, and IMDB. For
Names, we use 6 = 8 x 10~° to match its sample size and evaluation protocol. For each target ¢, the noise multiplier o is
calibrated under the same accountant and sampling rule for all methods being compared. Thus, methods are compared at
matched target privacy budgets while allowing validation selected training configurations under the same hyperparameter
search space and selection rule.

Controlled fixed configuration experiments. Some appendix experiments use a controlled fixed configuration setting to
isolate specific mechanisms, such as early stage behavior, sensitivity to the initial clipping threshold, or sensitivity to the
Slack Indicator dimension K. Those experiments are not part of the main fairly tuned comparison. Unless otherwise stated
in the corresponding appendix section, they use the default fixed recipe specified below.

Default fixed recipe for controlled appendix experiments. Unless otherwise stated, controlled appendix experiments
use the following fixed DP-SGD recipe. For MNIST, F-MNIST, CIFAR-10, and IMDB, all methods use SGD with learning
rate 0.1, momentum 0.9, weight decay 5 x 10~%, and a cosine learning-rate schedule. We use batch size B = 1024 for
CIFAR-10, B = 512 for MNIST and F-MNIST, and B = 256 for IMDB. For Names, we use a constant learning-rate
configuration with learning rate 2.0, momentum 0, weight decay 0, batch size B = 512, and a constant schedule. Unless
a section explicitly sweeps Cy, we use the common initial clipping threshold Cy = 1 for all methods. Unless a section
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Table 2. Noise calibration details for the main fairly tuned comparison. For each dataset, candidate batch size B, and target privacy budget
€, we calibrate the noise multiplier o using the same RDP accountant, sampling rule, and training horizon. We use the effective accountant
sampling rate e = 1/[N/B] and steps = [N/B] x epochs. For MNIST, F-MNIST, CIFAR-10, and IMDB, we use § = 10~°; for
Names, we use & = 8 X 1075, Values of o are rounded to three decimals.

Dataset N Epochs B Qoff Steps (e,0)

512 0.01020 98 x 90 = 8820 (4, 1.317), (6, 1.035), (8, 0.897)
CIFAR-10 50000 90 1024 0.02041 49 x 90 = 4410 (4, 1.739), (6,1.317), (8, 1.109)
2048 0.04000 25 x 90 = 2250 (4, 2.340), (6, 1.723), (8, 1.416)

). (

(

256 0.00426 235 x 30 = 7050 (1,1.624), (2,1.034), (3,0.856)
MNIST 60000 30 512 000847 118 x 30 = 3540 (1,2.189), (2,1.309), (3,1.031)
1024 001695 59 x 30 = 1770 (1,3.015), (2, 1.725), (3, 1.304)

256 0.00426 235 x 30 = 7050 (1,1.624), (2,1.034), (3, 0.856)
F-MNIST 60000 30 512 000847 118 x 30 = 3540 (1,2.189), (2,1.309), (3,1.031)
1024 001695 59 x 30 = 1770  (1,3.015), (2, 1.725), (3, 1.304)

) (
256 0.01020 98 x 90 = 8820 (2,2.194), (4, 1.317), (6, 1.035)
IMDB 25000 90 512 0.02041 49 x 90 = 4410 (2, 3.024), (4, 1.739), (6, 1.317)
1024 0.04000 25 x 90 = 2250 (2, 4.176), (4, 2.340), (6, 1.723)
(
(
(

256 0.01408 71 x 30 = 2130 (1,2.455),
Names 18067 30 512 002778 36 x 30 = 1080 (1, 3.377),
1024 005556 18 x 30 = 540  (1,4.722),

2,1.457), (3,1.132)
2,1.933), (3,1.451)
2,2.641), (3,1.932)

explicitly varies K, we choose K according to the rule in Appendix D; for SlaClip, we use n = 0.5 in these controlled fixed
recipe experiments. The noise multiplier is fixed to o = 1.0, and privacy is tracked with the same RDP accountant as in the
main experiments. When an ablation varies one quantity, such as Cy, K, or B, all other settings follow this fixed recipe.

Codebase notes. All experiments are launched from a unified entry point (run_exp . py). We implement SlaClip and all
baselines as optimizer variants under the Opacus (Yousefpour et al., 2021) optimizer interface, so the DP training pipeline
and privacy accounting are shared across methods. Across methods, the differences are in the clipping rule, threshold
adaptation rule, and validation selected hyperparameters under the protocol described above.

Environment. All experiments are run on a single NVIDIA RTX 4090 GPU (24GB). We use Python 3.10 and PyTorch
with CUDA support; all dependencies are specified in the provided environment configuration.

B. Privacy Analysis of SlaClip

This appendix provides the complete derivation behind Theorem 3.1 and its application to the SlaClip release in R4+ X
(Eq. (9)). We first show that replacing a Gaussian query by a sensitivity-preserving extension does not change the RDP
guarantee of the Gaussian mechanism. We then apply this result to the extended average query f.;g used by SlaClip. Since
SlaClip uses the same subsampling rule, the same noise multiplier, and preserves the original global /5 sensitivity of vanilla
DP-SGD, both methods are accounted with the same per-step privacy cost upper bound under the same accountant; below
we instantiate this argument with RDP.

Complete proof of Theorem 3.1. For completeness, we restate the Gaussian-layer claim in the notation of Theorem 3.1
and provide the full derivation.

Lemma B.1. Let f : D — R¥ and f+ : D — RI*X be deterministic query functions on D, and let D ~ D’ denote
adjacent datasets. Let D, (||x) denote the Rényi divergence with order c. If

Do(f) = Do(fF) =

then

sup Dg (N(f(D), (04)%1a) || N(f(D"), (04)*1a)) = sup D (N(fH(D), (04)*Tarx) || N(fH(D'), (04)* 144 k)) -

D~D'’ D~D'’

Moreover, both quantities equal o/(202).

12
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Proof. By the exact closed form of the order-a: Rényi divergence between Gaussian distributions with matched isotropic
covariance (Mironov, 2017),

Do (W (12, 7L [N (', 72L0)) = 55l = 1

Applying this formula with 7 = oA gives, for every adjacent pair D ~ D',

Da (N (£(D), (0A) L) [N (F(D), (02)1)) = 555 I F(D) = F(D")*. (1s)

Likewise,

Do (N (fT(D), (0A)*Las i) [N (F7(D"), (0A)°Lar k) = QAQ 1fH(D) = fHD]P. (16)
Taking the supremum over adjacent datasets in Eq. (15), we obtain
sup Do (N (D), (08T IN(F(D), (08)Ta)) = 5575 sup 1F(D) = F(D')|P

D~D’
- 2

__ @ 2
T 202A2
o
=557 (17
Similarly, from Eq. (16),
sup, Do (N(fH(D), (0A)*Tas ) [N (fH(D"), (08)*Tar k) = 2A2 sup If (D) — fH(D"?
= 2A2 (f+)
__ ¢ 2
© 202A2
o
= (18)
Therefore,
sup Do (N(/(D), (AT (D), (7B T) = sup Da(N (I (D). (78 Tas ) [N (D). (08)Tas 1)
which proves the claim. 0

Application to SlaClip. Within one DP-SGD iteration, the vanilla average query is
fdvg Bt Z ChpCt gt 7
1€Bt
whereas SlaClip releases the extended average query
avg Z gt 7"
zEBt
By Lemma B.2, these two queries preserve the same original global ¢5 sensitivity under add/remove adjacency:

C
Ao (fave) = Do(fale) = ft

Therefore, by Theorem 3.1 (equivalently, Lemma B.1), replacing the vanilla Gaussian release by the extended release in
Eq. (9) preserves the RDP guarantee of the Gaussian mechanism.

Moreover, SlaClip uses the same subsampling rule, the same noise multiplier o, and preserves the original global ¢
sensitivity C;/B of vanilla DP-SGD. Hence, under the same accountant in Reg*, SlaClip and vanilla DP-SGD yield the
same per-step RDP guarantee.

13
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Lemma B.2 (Per-sample /5 bound and sensitivity of the average query). For all i € By, the extended gradient satisfies
Hg;r ;|| < Cy. Under add/remove adjacency between sampled minibatches, using the fixed normalization constant B, the

average query f., (B) = £ ien g;’:i has {3 sensitivity No(fof,,) = C¢/B.
Proof. We proceed in two parts.

Part I: Per-sample ¢ bound. Fix any ¢ € 5; and consider two cases.

Case I: ||g:|| > Ci. By Eq. (6), the extended vector equals the clipped d-dimensional gradient concatenated with a zero

slack vector, hence
g/ =[Ci-gui/llgell; 0]

)

Therefore,

2
8t.i
e = Hc oz = e,

llge.ill

and therefore ||g;|| = C;.

Case 2: ||g..;|| < C:. By Eq. (7), the slack vector s, ; is constructed so that
Iseill? = aX® + > < aX® + A0 = A(aA +b) = A - VE -(C — |lgr.ll) < Co(Cr — llgeill)
where the last inequality uses A = C;/v/K < Cj. Since the extension is a concatenation, the squared norm decomposes as
g l” = llgeall® + llse.ql1*.
Combining the above bounds yields
g l” < llgeill® + Ce(Ce — llgeill) = (Igeill* = Cillgell) + CF < C,
because for z = ||g; ;|| € [0, C;] we have 22 — Cyx < 0 (equivalently, z(z — C;) < 0). Hence ||g;r1|| < C4.

In both cases, ||g;";|| < C; holds for every i.

Why \ = C;/VK is maximal. We show that A < C;/VK is not only sufficient but also necessary to guarantee
Hg;” < C for all 4.

By construction, each coordinate of the slack vector s; ; € R¥ is bounded in magnitude by A. Hence,

o <A = |suilla < VKA,

(B

where the upper bound is attained when all K coordinates equal .

Consider the worst-case sample for the concatenated norm, namely ||g; ;|| = 0. Then, since the extension is a concatenation,

1 = llgeall® + llsell® = llse.il]* < K%

||gt+z
To ensure ||g:r ;|| < Cy for all ¢, it is therefore necessary that
VE AL CY,

or equivalently,
Cy

7

A<

Thus, A = C; /K is the maximum admissible value that preserves the clipping constraint gl < Cu.

14
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Part II: /, sensitivity of the average query is C;/B. Define the normalized query on a sampled minibatch B using the
fixed normalization constant B by
a'u g Z gt i

’LGB

We consider add/remove adjacency: B ~ B’ means the two minibatches differ by at most one example, i.c., one element is
added or removed (but not both). Equivalently, there exists a set S and an element u (possibly empty) such that either

B=Su{u}, B=S o B=S B =5U{u}

For notational uniformity, in the removal case we treat the missing element as v = ) and set g()) = 0.

Then, in both cases,

(j;;g(B) - (wg = E (Zgz +gu> - X <Zgz> = 5 8u; (19)

€S €S

where we abbreviate g; = g?‘ ;- Taking norms gives

1
H avg a'ug(B/)H = EHg’U«H

By Part1, ||g;;|| < C, forall i, and ||0] = 0 < C; covers u = {). Therefore,

(B <

H (Z’U(] avq

Taking the supremum over adjacent minibatches yields

Cy
(favg) = sup H avg ) avg B/ H 7'

Moreover, the bound is tight: choose B = S U {u} and B’ = S with ||g,|| = C}, so that

Ct
H avq a’uq(B/)H 7ng” =
Hence Ay(f.f,,) = C;/B. Since the original clipped gradients also satisfy [|g; ;|| < C; for all i, the same argument gives
Az (favg) = Ci/ B, and therefore Az (f5,) = Aa(favg)- O

Marginal equivalence of the first d coordinates. By construction in Eq. (6), the first d coordinates of ng ; coincide with

the vanilla per-sample clipped gradient used by DP-SGD. Moreover, the Gaussian noise in Eq. (9) is isotropic in R4+
hence its first d coordinates are distributed as A/ (0, ("T?*)QId). Therefore, the marginal distribution of g, extracted from
g, matches the vanilla DP-SGD gradient release under the same (B, o, C;) and the same sampling rule.

C. Deriving the Threshold Adjusted Near-Zero Signal

This appendix derives the near-zero Slack Indicator signal used in the SlaClip update rule. Lets; denote the released,
unnormalized slack coordinates in Eq. (10), and let

ét éFS}/)\, )\:Ct/\/E,

denote the normalized Slack Indicator. SlaClip uses 5, ; as a near threshold CDF estimate and uses the threshold adjusted
near-zero signal §; i /Cy to form the dynamic target clipping ratio.
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Step 1: Near-zero CDF area captured by the last Slack Indicator coordinate. Let F}(u) = Pr(||g; || < ) denote the
CDF of per-sample gradient norms at iteration ¢. Recall that the k-th Slack Indicator coordinate corresponds to the gradient
norm interval

[C: — kCi/K, C: — (k—1)Cy/K].

Thus, the last coordinate k£ = K corresponds to the near-zero interval [0, C;/K]. From Eq. (11), the normalized released
coordinate can be written as

R K Ct/K
=g 2 [ Ml < uhdut e 0)
0

where €; i denotes the normalized Gaussian noise. Ignoring the zero-mean Gaussian noise and taking the population view,

we obtain
K [Ci/K
El$; k] = = Fi(u) du. (21
Ct Jo
Thus, §;  is a bin-averaged CDF signal over the near-zero interval [0, C;/K]. It is not a point probability such as F}(C;/K),
but it increases with the concentration of small-norm gradients in this interval and is smoother than a point estimate because
it averages the CDF over an interval.

Step 2: Threshold adjustment used by SlaClip. SlaClip further divides the last normalized coordinate by the current
clipping threshold:
Stk

K
C, BC?

Ci/K Et,K
) llge,ill < u}du+ =2~ (22)
0 t

1€EBy
Equivalently, in expectation and ignoring the zero-mean noise,
2 Ci/K
St K K
El—|=— Fi(u) du. 23
{ G } ct /0 () du @9

Equation (23) shows that §; i /C is a threshold adjusted near-zero CDF area signal. Compared with §; x alone, the division
by C; makes the near-zero signal depend on the current clipping scale. This provides a scale aware control signal for
adjusting the clipping threshold.

Step 3: DP noise in the threshold adjusted signal. From the single Gaussian release in Eq. (9)-(10), each unnormalized
slack coordinate is perturbed by additive Gaussian noise with standard deviation oC}/ B:

2
~ oC
Sk =3 %+ bk, G ~N (0, (B‘f) ) , (24)
where é{tof)( denotes the corresponding noise free slack coordinate. Since §; x = 5; x /A and A = Cy/ V'K, the normalized
noise term satisfies )
§t K oVK
=222 0 . 25
gt,K A\ N ) B ( )
Therefore, the noise in the threshold adjusted signal is
VK’
Sk N, 2 . (26)
Ct BCf
Combining Eq. (23) and Eq. (26), the signal used in the controller can be summarized as
2
2 Ci/K
St K K 0'\/?
— = Fi(u)d 0, | =— , 27
Ot C’tQ 0 t(u) U+N (Bct ) ( )

under the population approximation.
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Step 4: Use in the SlaClip controller. The raw threshold adjusted signal may fall outside [0, 1] because of Gaussian noise
and because it is a scale adjusted CDF area proxy rather than a probability. SlaClip therefore clips it before constructing the
dynamic target:

re 211 (‘%K). 28)
¢ 011\ ¢, (
The dynamic target clipping ratio is then
1—r
e & o (1 - t) : (29)
and the clipping threshold is updated by
Ct+1 < Ct exp(n(% — §t,l)) . (30)

Here, 5, 1 provides the near threshold CDF feedback, while r; provides a threshold adjusted proxy for the prevalence of very
small gradients. This matches the update rule used in Algorithm 1.

D. Selecting K

This appendix provides a practical recipe for choosing the number of extension dimensions K by balancing (i) the resolution
along the gradient norm (equivalently, slack) axis and (ii) the noise on the released Slack Indicator 8;. Throughout, we keep
the same notation as the main text: the per-slot scale is denoted by A, and we consider the choice:

<
VK’

The gradient norm bins represented by the Slack Indicator have endpoints Cy — k - C/K for k = 0,..., K, while
A=Cy/ V'K is the coordinate wise slack scale used for encoding and normalization.

A=

Setup and notation. At iteration ¢, letg;; € R? be the per-sample gradient and let C; be the clipping threshold. Define
the (nonnegative) clipping slack value as

[Cr = llgeill] , €[0.Cel. 3D

D.1. Explicit noise forms and an SNR-based upper bound for K (99% confidence)

(A) Noisein 5, ;, = 5; ,/A. Step 1 releases the averaged (d+K)-dimensional vector in Eq. (9) with isotropic Gaussian
noise whose coordinate wise variance is (6C;/B)?. Consequently, each released slack coordinate s, ; inherits additive
Gaussian noise, and after normalization by A we have

2
§¢.1 = (signal term) —|—./\f<07 (CTBC;> ) , k=1,....K, (32)

where the “signal term” denotes the same expression with the Gaussian noise removed.

(B) Explicit noise forms: A = C;/v/K. Plugging the \ choice into (32) yields:

2
Ct . U\/}?
A= ——: = It
JE S84, = (signal term) + N | 0, ( 3 ) (33)
(C) 99% CI half-widths. From (33), the (marginal) 99% confidence half-width is
VK
HW(SB/E) = 20.995 ° —p— (34)

where zg.995 ~ 2.576. Remark. (34) are per-coordinate (marginal) half-width. A simultaneous confidence band over all
k =1,..., K can be obtained by replacing 2¢.995 With 2, _, /(2 (Bonferroni).
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Table 3. 99% marginal SNR-based upper bounds and practical choices of K for ¢ = 1. Bounds are computed from Eq. (36) with
20.995 = 2.576. The practical choices are convenient nearby values below the corresponding bound.

B Kmax,o9 Practical K

128 8.51 8
256 13.52 10
512 21.46 20
1024 34.06 30
2048 54.06 50
Method Extra private query Significant Extra Compute Requires pretraining / public / aux- Modification to Vanilla DP-SGD Gradients
iliary resources
SlaClip No No No No; Preserves the vanilla clipped gradient update while
adapting the clipping threshold through the same DP-SGD
Gaussian release
Adap-Clip Yes (private clipped-count) No No Yes; Applying an additional private statistic
DC-SGD Yes (private norm-distribution esti- No No Yes; Applying several additional private statistics
mation)
AutoClip No No Yes; pretraining needed for differ- Yes; Modifies vanilla DP-SGD through norm normalized
ent datasets per-example clipping
DP-PSAC No Yes; still depends on method-specific pa-  Yes; pretraining needed for differ-  Yes; Modifies vanilla DP-SGD through per-sample adap-
rameter tuning ent datasets tive clipping / weighting rules
GeoClip No Yes; introduces nontrivial geometry / esti-  Yes; pretraining needed for differ- Yes; Modifies vanilla DP-SGD by performing clipping /
mation hyperparameters and calibration ent datasets noising in a transformed geometry-aware space and map-
burden ping back

Table 4. Method-level comparison of direct baselines relative to vanilla DP-SGD. The table highlights whether a method introduces
additional private estimation, extra tuning or calibration burden, dependence on external resources, and whether it modifies the vanilla
DP-SGD gradient pipeline.

(D) An SNR-based upper bound for K and practical recommendations (99%). To prevent Slack Indicator noise from
dominating the effective resolution across K slots, we adopt a conservative adjacent-resolution design rule: require the
99% noise half-width to be no larger than a constant multiple of the typical adjacent-slot scale O(1/K) in the normalized
domain. Concretely, we impose

1
< —.
HWyy < o¥ie (35)
For \ = C;/V K, substituting (34) into (35) gives
B 2/3
K < KWK 2 <) . (36)
— max,99 9 20.995 O

Since larger K improves resolution, a practical choice is to take the largest K that satisfies the above SNR upper bound, and
then choose a convenient nearby value below the bound.

(E) Numerical guidelines for 0 = 1. Table 3 reports the resulting K ,ax 99 values and practical choices of K for
representative nominal batch sizes B € {128, 256,512, 1024, 2048} under 0 = 1. These values are intended as default
choices rather than additionally tuned hyperparameters.

E. Detailed Related Work

DP-SGD and privacy accounting. DP-SGD clips per-sample gradients and adds Gaussian noise calibrated to the clipping
threshold (Abadi et al., 2016). Practical privacy accounting is commonly performed using Rényi differential privacy
(RDP) (Mironov, 2017), together with subsampling analyses and composition rules (e.g., (Wang et al., 2019)). A recurring
challenge is that DP-SGD introduces DP-specific hyperparameters (notably the clipping threshold), and model utility can be
highly sensitive to these choices, making tuning costly in practice (Bu et al., 2023; Wei et al., 2025).

Methods relying on additional private queries. A line of adaptive clipping methods, such as Adap-Clip, updates C
online using privately estimated clipping statistics, often by tracking a target quantile of gradient or update norms (Andrew
et al., 2021). While this reduces manual tuning, such approaches typically require additional private measurements, incurring
extra privacy cost and thus stronger noise to maintain the same overall privacy budget; moreover, fixed quantile targets
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may become suboptimal as training dynamics evolve. Related approaches privately estimate the gradient norm distribution
(e.g., via DP histograms) and select C; by optimizing an explicit bias—variance objective; DC-SGD proposes percentile- and
expected-error-based variants (DC-SGD-P / DC-SGD-E), at the cost of allocating additional privacy budget to distribution
estimation and introducing extra controller hyperparameters (Wei et al., 2025).

Methods without additional queries but with added optimization components. An orthogonal line avoids clipping-
fraction estimation but introduces additional optimization components. AutoClip replaces clipping by transforming gradients
into normalization-style updates and in specific cases rely on pretraining (Bu et al., 2023). GeoClip (Gilani et al., 2025)
modifies vanilla DP-SGD by performing geometry-aware clipping in a learned transformed space, introducing extra
hyperparameters and with validation limited to specific settings, the learned transformation may also require dataset-
dependent adaptation to transfer across tasks. While these approaches reduce direct tuning of a clipping norm, they can
shift sensitivity to other design choices (e.g., learning-rate schedules, optimizer dynamics, or stabilization heuristics), so the
overall tuning burden may persist. Relatedly, methods such as DP-PSAC modify per-sample weighting/clipping rules to
reduce deviation from the true batch gradient and provide convergence analysis (Xia et al., 2023).

Clipping strategies and efficiency. Several works study alternative clipping granularities (e.g., per-layer clipping)
motivated by efficiency and scaling considerations. In particular, adaptive per-layer thresholds can match or outperform
Vanilla-Clip under fixed training configurations (McMahan et al., 2018), and the effective update magnitude can become
sensitive to how these per-layer thresholds (or their relative clipping ratios) are chosen, which may require careful calibration
across models, optimizers, and training regimes. Related systems work accelerates per-example gradient clipping to reduce
DP training overhead (Lee & Kifer, 2021); nevertheless, such acceleration primarily improves runtime and does not directly
address the statistical question of selecting (potentially time-varying) clipping thresholds under a fixed privacy budget.

Clipping bias and norm distribution shift. Clipping introduces bias that interacts with the evolving geometry of gradients.
A geometric view highlights that the gradient norm distribution can drift substantially during training and that clipping can
obstruct convergence in worst cases (Chen et al., 2020). Complementary work further shows that gradient clipping can
degrade utility even in the absence of injected DP noise and can increase the effective sampling noise of stochastic gradients;
moreover, per-sample gradient norms may become polarized over training, with many samples having very small norms
while a minority remain large (Xiao et al., 2023). Recent theory also indicates that time-varying clipping strategies can be
meaningful for DP-SGD convergence (Shulgin & Richtarik, 2024).

Table 4 reports a comparison of clipping strategies between the baselines and SlaClip.

F. Additional Experimental Details

This appendix provides additional controlled diagnostics and ablations that complement the fairly tuned comparison in
Table 1. All results in this section are diagnostic: they are intended to isolate the behavior of clipping and threshold
adaptation rules under matched settings, rather than to replace the main validation selected comparison.

First, Table 5 reports a controlled fixed-recipe comparison in which all methods use the default DP-SGD recipe specified
in Appendix A. Unlike the main comparison, no method-specific configuration is selected from the validation grid; this
makes the results useful for comparing the behavior of the clipping rules under the same optimizer, schedule, batch size,
initial clipping threshold, and privacy accountant. Figure 7 complements this table by showing the corresponding training
trajectories, including both test accuracy and the clipping threshold C'; over training.

Second, Table 7 examines the early stage behavior of SlaClip on F-MNIST before the accumulated privacy loss reaches
€ = 1 during a run targeting final privacy budget ¢ = 3. This regime contains very few DP-SGD updates: the accountant
reaches ¢ = 0.9975 after only 14 training steps. At these earliest checkpoints, the released slack signal can be noisy and the
Slack Indicator has limited time to stabilize; as more updates become available, SlaClip becomes competitive and eventually
stronger, consistent with the view that the slack based controller benefits from observing sufficient gradient norm dynamics.

Finally, Tables 6, 8, 9 and 10 report controlled ablations on the main design choices of SlaClip. Table 6 studies the slack
dimension K, while Table 8 further examines the interaction between practical batch sizes and admissible choices of K
under the design rule in Eq. (14). Table 9 reports the full sensitivity study over the initial clipping threshold Cj. Table 10
studies the threshold adaptation step size ). Together, these ablations characterize the robustness of SlaClip with respect to
7, K, batch size, and Cj.
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Table 5. Controlled fixed-recipe comparison under shared DP-SGD settings. Test accuracy (%) is reported as mean =+ std over seeds
{42, 43, 44}. Unlike the main fairly tuned comparison in Table 1, all methods here use the same manually fixed DP-SGD recipe for each
dataset. We report three representative privacy budgets £ under the RDP accountant, with § fixed per dataset. Because AutoClip enforces
a fixed initialization Cy = 1 in our implementation, we standardize this choice across all methods for comparability. For SlaClip, we set
the adaptation step size to 7 = 0.5 in this controlled fixed-recipe comparison. Within each dataset and ¢, the best result is in bold and the
second-best is underlined. Model IDs: CNN-4 = CNN-4 with AvgPool+GAP; CNN-2 = LeNet-style CNN (Conv—Poolx2 + MLP head);

MLP = avg-embedding + MLP; CRNN = char-level (DP)LSTM/GRU. The default fixed recipe is specified in Appendix A.

DATASET  MODEL & VANILLA-CLIP ADAP-CLIP DC-SGD-E  AUTOCLIP  SLACLIP-Q SLACLIP
5 38.311+0.64 57.36+£1.57 52.43£0.33 38.304£0.62 58.004+0.51 59.25+1.29
CIFAR-10 CNN-4 7 41.50+0.24 63.77+£0.55 58.54+1.18 41.3240.13 64.01+0.96 65.351+1.09
9 42.41+£0.12 67.65+0.64 64.38+£0.58 42.1440.14 67.844+0.79 68.761+0.71
1 61.96£1.66 60.25+£1.85 73.36+1.02 61.98+2.71 57.394£4.65 64.37+4.54
MNIST CNN-2 2 95.01+0.18 93.41+£0.46 94.62£0.17 94.57£0.12 92.984+0.52 96.211+0.35
3 96.29+0.07 93.36+£0.37 94.76£0.25 95.974£0.09 93.074+0.61 96.8410.25
1 54.55+0.39 50.19+£0.91 60.22+1.89 54.56+0.60 53.864+2.36 59.8613.26
F-MNIST CNN-2 2 83.101+0.47 81.264+0.15 82.91+0.76 82.32+0.58 80.94+0.18 86.14+0.22
3 84.681+0.49 81.2540.08 86.30+0.48 83.94+0.46 81.23+0.06 86.88+0.09
2 60.18+1.14 62.01+1.26 51.92+0.25 60.334£0.96 60.814+2.60 61.3942.06
IMDB MLP 4  71.12+£1.00 76.86£0.69 52.60+0.32 71.264+0.42 76.46+0.88 77.02+0.65
6 74.08+0.52 78.96+0.40 53.96£1.27 73.51£0.30 79.524+0.24 79.3040.23
2 54.94+0.49 61.14+1.33 60.33£1.24 55.00£0.70 61.33+1.53 61.13+1.37
NAMES CRNN 4 67.25+£0.95 72.62+0.72 72.45£0.58 66.274+0.93 72.804+0.94 73.011+0.79
5 68.23+£0.80 73.33+£0.89 73.30£0.83 67.00£0.88 73.504+0.56 73.88+0.63
CIFAR-10 MNIST F-MNIST IMDB Names
0.7 0.8 4 0.8
0.6 0.8 0.7
3051 071 071
3 0.7
© 0.44 0.6
< 0.6
0.37 0.6/
0.6
0.24 054 0.5
0 Zb 4‘0 6‘0 Bb 0 10 2‘0 30 0 1‘0 2‘0 3b 0 2‘0 40 Gb 80 0 1‘0 1‘5 2‘0
4 6
4 3.5
25 ] 5 31
20+ ol 3.0 1
0 15 21 34 27 25 A/\\,\
] | 2.0
10 e —— 2 14
5 I e 1.5
0 —— 01 . : 0 . . S 101 . . :
0 20 40 60 80 0 10 20 30 0 10 20 30 20 40 60 80 0 10 15 20
Epoch Epoch Epoch Epoch Epoch
Vanilla-Clip AdapClip AutoClip DC-SGD-E = SlaClip

Figure 7. Training trajectories recorded per epoch (starting from epoch 1, last step) under matched DP-SGD settings across the five
benchmarks in Table 5. Training proceeds until the maximum privacy budget for each model-dataset pair is exhausted. The top row shows
test accuracy as training proceeds, and the bottom row shows the corresponding clipping threshold C;. Each panel plots the mean over
three random seeds, and the shaded region indicates =+ std seeds. Vanilla-Clip and AutoClip keep the same clipping threshold Cy = 1
fixed at one by design, while the other methods adapt C; over training.
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Table 6. Ablation on the slack dimension K. Test accuracy in percent reported as mean =+ std over three seeds. For each dataset and
privacy budget, we sweep K while keeping all other settings fixed. Within each dataset and ¢, the best accuracy across different K values
is in bold and the second best is underlined. The final column reports the mean =+ std across the set of K values in the row, computed
over the K -wise mean accuracies.

DATASET ¢

K=5

K=10

K=20

K=30

K=40

K=60

K=100

MEAN+STD

CIFAR10

O 3 W

58.06+2.25
64.16+1.03
68.09+0.64

59.07+2.03

65.25+2.56
69.07+0.92

58.99+1.65
65.53+1.73

68.994+0.57

59.25+1.29
65.35+1.09
68.76+0.71

58.75+1.17

65.6241.42

68.69+1.39

58.87+0.73
65.92+1.15
69.03+0.64

58.84+1.84
65.60+0.83
68.55+0.39

58.83+0.38
65.35+0.57
68.74+0.35

MNIST

64.88+4.74

96.31+£0.25

97.00+0.23

63.93+3.81
96.31+0.34

96.914+0.25

64.37+4.54

96.21+0.35
96.84+0.25

63.18+5.02
96.01£0.22
96.65+0.24

62.6445.02
96.01+0.24
96.65+0.14

61.831+4.50
95.85+0.38
96.50+0.30

61.71+5.85
95.73+0.47
96.294+0.37

63.2241.23
96.06+0.22
96.69+0.25

IMDB

NP WN =

61.12+2.21
76.57+0.82
79.56+0.27

61.39+2.06
77.02+0.65

79.30+0.23

61.47+1.96

76.754+0.69

79.06+0.30

61.47+1.93
76.63+0.72
78.98+0.31

61.64+1.92
76.57+0.70
78.9240.32

61.5242.01

76.56+0.72
78.90+0.33

61.46+1.91
76.61+0.76
78.89+0.27

61.44+0.16
76.67+0.17
79.09+0.25

Table 7. Behavior under sub-1 privacy budgets on F-MNIST. Each row reports the test accuracy (%) after a given number of DP-SGD
steps, where one step denotes one training iteration on one minibatch. Results are reported as mean = std over three random seeds. The
table illustrates the early stage regime where the privacy budget is close to € = 1 after only a small number of updates.

Step € Vanilla-Clip  DC-SGD-E SlaClip
1 09160 16.79£2.98 16.79+2.99 16.74+2.92
2 09341 20.62+4.71 23.33+3.39 21.39+4.16
3 09455 24.37+£3.40 31.03£4.51 28.26+2.73
4 09545 29.26£4.20 36.66+7.23 33.08+5.59
5 09608 32.46+£6.30 37.50+3.42 39.54+4.10
6 09670 36.16 £7.32 42.67+2.53 45.85+6.00
7 09719 41.16£6.94 47.81+5.61 49.93+7.76
8 09763 45.18+6.17 50.49+7.30 47.27+£4.58
9 09807 49.17£7.24 50.11+4.95 49.61 % 3.55
10 09849 51.19+7.70 55.13+£5.50 57.06+1.88
11 09881 51.36+7.74 55.06+5.53 56.34 £1.55
12 09912 51.22+8.00 54.53 £2.36 58.43 £ 4.56
13 09944 51.70£7.78 54.41+3.14 60.31 +£1.93
14 09975 52.68+8.62 54.80+2.56 60.26+£2.97

Table 8. Practical batch size and admissible- K study. For each batch size, we report results at three privacy levels; the shown ¢ is the
achieved privacy budget under the RDP accountant. Since varying the batch size also changes the sampling rate ¢ = B/|D|, and hence
the incurred privacy cost, we adjust the privacy constraint accordingly to ensure a fair comparison under each experimental setting.

Method B=512 (K=20) B=1024 (K=30) B=2048 (K=50)
Acc (%) 5 Acc (%) 15 Acc (%) e

44.36+0.41 4 38.31+0.64 5 33.83£031 6

Vanilla-Clip 44.94+0.39 5 41.50+£0.24 7 3535£1.24 8
45.69£0.23 6 4241£0.12 9 36.93+£0.80 10

41254542 4 5736157 5 5713+£2.06 6

Adap-Clip  45.66+4.67 5 63.77£0.55 7 63.23£0.10 8
51.864+5.22 6 67.65+0.64 9 67.11£0.18 10

44.18+£0.51 4 38.30+0.62 5 33.80+£035 6

AutoClip 44.714£0.31 5 41.3240.13 7 3534+1.22 8
454540.17 6 42.14£0.14 9 36.86£0.78 10

42.55+1.03 4 52434033 5 54224173 6

DC-SGD-E  48.93+0.95 5 58.54+1.18 7 6043£1.11 8
54.914+0.50 6 64.38+0.58 9 64.58+0.71 10

43924258 4 59.25+1.29 5 56.67£1.17 6

SLACLIP 50.69+2.51 5 65.35+1.09 7 63.76+0.63 8
55.70+248 6 68.76+0.71 9 67.46+0.73 10




SlaClip: Gradient Norm Slacks can be Indicator for Adaptive Clipping in DP-SGD

Table 9. (full results): accuracy under different initial thresholds Cj. Test accuracy (mean-+std, in %) over three seeds (42/43/44) when
sweeping the initialization Cy € {0.1, 1,5, 10, 20}. We report three privacy budgets per dataset under the RDP accountant: CIFAR-10
(e=3/5/9), MNIST (1.1/1.5/3), F-MNIST (F-MNIST) (1.1/1.5/3), and IMDB (2/4/6). Within each (Cy, £) setting, the best method
is in bold and the second best is underlined. AutoClip is omitted since it uses a fixed Co=1 in our implementation and is not comparable
in the sweep. For SlaClip, this sweep is conducted with the Adap-Clip recommended step size n=0.2, which differs from the controlled
fixed-recipe comparison in Table 5; SlaClip’s stability w.r.t. 7 is studied in Table 10.

Cqo  Method

CIFAR-10 (e=3/5/9)

MNIST (e=1.1/1.5/3)

F-MNIST (e=1.1/1.5/3)

IMDB (e=2/4/6)

Vanilla-Clip
Adap-Clip
DC-SGD-E
SlaClip

0.1

23.47+1.07/26.041+0.37 / 26.95+0.43
48.2643.07/56.70+£1.92 / 67.674+0.46

62.36+3.20/ 82.801+0.19 / 88.091+0.22
87.984+0.57 /90.01£0.24 / 90.2240.02

44.734£3.24 /52.40£1.02/ 63.63+£0.57
51.20+1.78 / 58.73+0.55 / 69.20+0.46

88.50+0.15/94.16+0.15 / 94.424+0.53
87.5740.81/93.4140.09 / 96.15+0.16

55.75+5.61/68.491+0.90 / 73.08+0.31
74.7441.47/81.461+0.17 / 80.98+£0.20
77.46+£1.60 / 80.75+0.41 / 86.25+0.12
73.69+0.61 / 83.56+0.15 / 85.89+0.13

51.2940.48 /51.144+0.29 / 51.154+0.31
61.43+1.88/75.8641.53/79.12+0.37
52.03£0.15/52.6440.27 / 54.59+2.61
61.34+2.07/76.93+0.63 / 79.31+0.24

Vanilla-Clip
Adap-Clip
DC-SGD-E
SlaClip

33.79+1.02/38.31+0.64 /42.414+0.12
49.46£1.39/57.36£1.57 / 67.65+0.64
46.09£2.21/52.43£0.33 / 64.38+0.58
51.54-+1.40 / 58.69+1.88 / 69.00+0.61

86.7240.33/92.934+0.23 / 96.29+0.07
89.44+0.55/90.591+0.43 / 93.361+0.37
88.8840.40/94.2440.32 / 94.76+0.25
89.0240.33/93.5940.11/96.10£0.11

71.96+£0.52/80.27+£1.13 / 84.68+0.49
77.85+0.77 / 81.59+£0.25 / 81.25+0.08
78.01-£1.60 / 81.08£0.57 / 86.30+£0.48
76.031+2.00 / 84.151+0.29 / 86.0040.14

60.18+1.14/71.12+1.00 / 74.08+0.52
62.01+1.26 / 76.86+0.69 / 78.961+0.40
51.92+0.25/52.60+0.32 / 53.96+1.27
61.50+2.01/76.724+0.75 / 79.07+0.32

Vanilla-Clip
Adap-Clip
DC-SGD-E
SlaClip

47.6540.52/56.35+0.51 / 63.8940.56
48.9442.18 /55.78+0.21 / 67.2440.60
46.4342.05/52.79+0.78 / 63.514+1.28
51.89+2.05/ 58.62+0.59 / 69.39+0.35

88.4941.15/91.4440.50 / 96.26+0.15
91.37£0.93/92.834+0.82 / 92.54+0.55
88.67+1.37/94.33£0.39/94.7010.18
90.06£0.78 / 94.68+0.25 / 96.55+0.19

77.074£1.29/81.05+1.36 / 86.46£0.16
79.31+0.69 / 82.3940.21 / 81.58+£0.24
78.8541.02/80.671+0.49 / 86.49+0.48
79.3040.34 / 84.90+-0.10 / 86.59-+0.04

61.56£1.99 /73.0941.38 / 78.26+£0.45
61.60-£1.86 /75.6941.51/79.13£0.38
52.03£0.11/52.6240.25 / 54.20£1.95
61.30£2.17/76.9410.62 / 79.32+0.23

Vanilla-Clip
Adap-Clip
DC-SGD-E
SlaClip

10

53.83+1.11/61.68+1.23 / 69.41+0.13
48.77£1.35/56.44=£1.60 / 68.29+0.40
46.27£1.62/53.30£1.14 / 64.00£0.25
51.36+0.85/59.0240.74 / 69.384+0.40

86.5640.71/87.6441.29 / 94.3440.09
91.26+1.07 / 92.80+0.98 / 92.594+0.94
89.7340.97 / 94.5040.31 / 94.5040.64
90.89+0.98 / 95.06+0.28 / 96.79+0.21

77.69+1.63/76.984+0.32 / 84.33£0.29
79.21£1.03 /82.34+0.59 / 81.54+0.23
78.301+1.79/ 80.594+1.09 / 86.5140.22
79.90-£0.46 / 85.04-£0.26 / 86.74+0.12

58.39+2.61/64.25+0.37/70.45+0.75
61.94+1.98/75.60+1.49/79.11+0.36
52.06£0.05 / 52.64+0.27 / 54.10+1.72
61.67+£1.97/76.97+0.63 / 79.31+0.27

Vanilla-Clip
Adap-Clip
DC-SGD-E
SlaClip

20

50.524+0.30/52.744+2.13 / 66.461+0.58
50.03£0.43 /56.654-0.93 / 68.37+£0.31

83.2842.17/80.03+2.03 / 86.97+6.70
91.78+0.35/93.624-0.49 / 94.08+0.71

47.324£1.49/50.72£2.20 / 63.52+£0.45
51.85+2.22/58.11+0.73 / 68.87+0.53

90.20=£1.00 / 94.444-0.38 / 94.30+0.38
91.89+0.36 / 95.69+0.10 / 97.29+0.05

68.15+£1.36/39.71+£15.72 / 36.224+5.81
78.9041.60/82.384+0.62 / 81.62+£0.27
78.0942.20 / 81.6612.66 / 86.76£0.50
79.93+0.07 / 85.16+0.18 / 86.96+0.17

52.65+2.10/51.53+£1.98/55.91+£2.73
61.68+£2.74/75.5241.59/79.13£0.33
52.08£0.12/52.6140.27 / 53.75£1.12
62.14+1.98 /77.04+0.69 / 79.27+0.34

Table 10. Ablation on the threshold adaptation step size 7 in SlaClip. Test accuracy in percent reported as mean =+ std deviation over
three seeds. We sweep i € {0.05,0.1,0.2,0.5, 1.0} while keeping all other training and privacy settings matched. For each dataset we
evaluate three representative privacy budgets under the RDP accountant, matching the budgets used in Table 5. Within each dataset and €,
the best accuracy across 7 values is in bold. The final column reports the mean =+ std across the set of 7 values in the row, computed over
the n-wise mean accuracies.

DATASET

n=0.05

n=0.1

n=20.2

n=0.5

n=1

MEAN+STD

CIFAR10

€

5 58.71£1.33
7 65.45+1.11
9 69.33+£0.81

58.4240.87
65.29+1.30
68.73+0.42

58.69+1.88
65.89+0.89
69.00+0.61

59.25+1.29
65.35+1.09
68.76+0.71

59.2241.25
65.66+1.53
68.94+0.83

58.78+0.29
65.63+0.26
69.05+0.24

MNIST

63.13+4.01
94.87+0.29
96.00+0.09

W N =

64.15+2.74
94.95+0.22
96.01£0.06

64.37+3.58
95.09+0.24
96.10+0.11

64.37+4.54
96.21+0.35
96.84+0.25

54.17+8.24
96.52+0.03
97.17+0.08

61.80+4.30
95.49+0.74
96.3940.52

F-MNIST

54.20£9.32
84.65£0.72
85.67£0.25

54.16+7.14
84.87£0.65
85.85+£0.29

55.71£3.22
85.11£0.70
86.00£0.14

59.86+£3.26
86.14+0.22
86.88+0.09

49.85+6.18
85.75£0.82
86.49+0.31

54.9443.94
85.25£0.54
86.16+£0.46

IMDB

61.15+2.29
76.69+0.74
79.10£0.32

AN BN W=

61.35+2.12
76.71+0.74
79.08+0.33

61.50+2.01
76.72+0.75
79.07+£0.32

61.39+2.06
77.021+0.65
79.30+0.23

61.51+1.88
76.89+0.51
79.07+£0.33

61.39£0.15
76.75+0.08
79.08+0.02
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