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Abstract. We propose an algorithmic verification scheme to test the
compliance of machine learning (ML) systems to regulatory demands.
The de facto standard for testing the capabilities of large-scale ML sys-
tems, including compliance, is to use curated benchmark datasets. We
argue that this is not sufficient and explore how policy requirements
informed by regulatory specifications can be mapped to quantifiable ma-
chine learning (ML) properties, such as, e.g., differential privacy. We find
that, often, it is both theoretically and practically not possible for an ML
model to satisfy multiple policy requirements at once, as they are in con-
flict. We formalize this and show that it is generally intractable to find an
ideal mapping from policy requirements to quantifiable ML properties.
Next, we propose a novel compliance scheme in which a greedy algorithm
takes into account conflicts between ML properties and outputs a set of
ML systems that jointly satisfy the policy requirements. Finally, we im-
plement our proposed compliance scheme and showcase its applicability
for a selected set of policy requirements and ML properties.
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1 Introduction

Recent policy and regulatory efforts [11,13,12] increasingly require machine learn-
ing (ML) models to meet desiderata such as robustness, fairness, and privacy.
These desiderata are often expressed as high-level requirements that ML models
are expected to satisfy in practice [32,38]. The de facto standard to test com-
pliance of modern large-scale ML systems is to use curated benchmark datasets
[46,21,19,40,9]. We argue that this is not sufficient and can only ever expose
violations of regulatory demands, but not ensure compliance thereof. Another
central difficulty in this process is that policy requirements do not directly trans-
late to quantifiable ML properties. In fact, some policy requirements may be
practically understood with different technical interpretations [17], while oth-
ers may not have an obvious technical counterpart. Moreover, ML properties
that can be enforced in isolation may be infeasible to implement in combination
[37,36,15,25,34]. Motivated by these observations, our investigation is organized
around the following question: How can we ensure that deployed AI systems
verifiably satisfy regulatory demands? Regulatory initiatives such as the EU AI
Act [12] impose abstract, and at times competing, obligations on deployed ML
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systems, increasing the need for operational compliance methods. Benchmark-
led audits, while pragmatic, identify violations only after the training process
and cannot ensure compliance by construction. Because some requirements in-
herently conflict, effective oversight should document these tensions, prioritize
trade-offs, and, if necessary, require multiple ML systems that jointly cover obli-
gations. To address this, we propose to check for compliance in two ways: a priori,
by guaranteeing certain ML properties that are inherent to the training process,
and posthoc, by using held-out data to check for violations. We (i) formalize
the problem of mapping quantifiable ML properties to a given set of policy re-
quirements and show that this is generally intractable (see Proposition 1). Next,
we (ii) propose a greedy, conflict-aware compliance scheme that returns a set
of trained ML models that jointly satisfy the policy requirements in polynomial
time (see Algorithm 1) and implement it for a selected set of policy require-
ments and ML properties. By making conflicts between regulatory demands and
ML properties explicit and verifying compliance a priori, our approach supports
accountable deployment aligned with public-interest requirements.

2 Related Work

There is a growing body of work that attempts to translate policy requirements
for ML systems into concrete and actionable compliance measures that can be
verified and documented. One line of research maps legal requirements to the-
oretical guarantees such as differential privacy or robustness [38,28,32], while
another develops domain-specific languages and ontologies to make regulations
machine-readable in the first place [18,29]. The dominant practical approach,
however, is benchmarking: auditing ML models against curated test suites to
check whether they satisfy regulatory specifications [19,2,6,16,33,31,3]. Bench-
marks have become the standard approach because regulations are difficult for
AI practitioners to interpret directly [48,24], and automated compliance checks
offer a pragmatic shortcut. Benchmarking can, however, never enforce compli-
ance by construction, but only identify violations of legal standards posthoc.
Additionally, policy requirements in benchmarks are commonly treated in iso-
lation, which assumes that all requirements can be implemented and satisfied
independently. This assumption does not always hold, as ML properties that
address policy requirements are often in tension with one another: The right to
an explanation and the right to privacy, for instance, have been shown to conflict
[37,36,30], and similar trade-offs arise between ML properties that ensure fair-
ness, robustness or accuracy [25,34,14,5,15,22]. Even individual legal concepts
do not always translate cleanly: Frohnapfel et al. [17] argue that measuring av-
erage accuracy alone is not compliant with current legislation and advocate to
use predictive multiplicity instead. Taken together, these results show that some
combinations of regulatory requirements are infeasible to satisfy simultaneously.
This motivates our proposed shift from posthoc auditing toward building com-
pliance guarantees directly into the training process, which forces conflicting
requirements to be resolved by design rather than discovered after deployment.
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3 Preliminaries

We briefly introduce some terminology and notation necessary for the remain-
der of the paper. We assume some familiarity with concepts from theoretical
computer science including logics and basic graph theory; we refer readers un-
familiar with such concepts to Dasgupta et al. [8]. A graph G = (V,E) consists
of vertex set V and edge set E such that uv = vu ∈ E if u, v ∈ V are ad-
jacent. A bipartite graph is a graph with V = V1 ∪ V2 such that V1 ∩ V2 = ∅
and E ⊆ {uv | u ∈ V1, v ∈ V2}. We denote the neighbors of a vertex v by
N(v) = {u | uv ∈ E} and its degree as deg(v) = |N(v)|. We denote a subgraph
H of G induced by vertex set V ′ ⊆ V as H = G[V ′]. An independent set in
a graph is a set of vertices such that each pair of vertices is non-adjacent. A
propositional logic formula consists of variables x together with the operators
conjunction ∧, disjunction ∨ and negation ¬. A literal is a variable x or its
negation ¬x. A clause is a disjunction of literals. Given a propositional logic
formula φ in conjunctive normal form, e.g., φ = (x1∨x2)∧ (¬x1∨x2∨¬x3), the
satisfiability (SAT) problem asks whether there exists an assignment of truth
values to variables in φ such that the entire formula φ evaluates to true.

4 From Policy Requirements to Trustworthy Models

In this section, we formalize the problem of jointly satisfying potentially con-
flicting regulatory requirements as a constrained learning problem. We first (i)
introduce a conceptual mapping between a set of policy requirements to quan-
tifiable ML properties that explicitly represents potential conflicts. Next, we (ii)
formalize the task of finding an ideal mapping between policies and properties as
the compliance decision problem Be Cheap But Compliant, and show that it
is computationally intractable. This motivates us to (iii) propose efficient greedy
algorithms that return sets of models satisfying prioritized policy requirements
under a cost budget, which we (iv) empirically evaluate for a subset of selected
policy requirements and machine learning properties.

4.1 Representing Requirements, Properties, and Conflicts

We formalize the task of mapping policy requirements to quantifiable machine
learning properties guided by the following question: How can we satisfy as many
policy requirements as possible, while also ensuring technical feasibility? We de-
note the policy requirements extracted from legal texts as P and the set of
corresponding machine learning properties asM. There exists a many-to-many
mapping from P to M, i.e., policy requirements might be satisfiable by more
than one machine learning property, and the same machine learning property
might address more than one policy requirement. For instance, the ML prop-
erty differential privacy [10] formally protects individual-level privacy, but also
makes ML models more adversarially robust [27]. The policy requirement pri-
vate, on the other hand, can also be addressed by k-anonymity [41], another ML
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Fig. 1: Left: Policy-property graph G. The policy requirements in the shaded
region are in Phard. Right: Conflict graph GC for policy-property graph G.

property that enforces user-level privacy. More formally, we model this many-
to-many mapping as the relation R : P ×M → {0, 1} such that R(p,m) = 1
if policy requirement p is addressed by ML property m. We next construct the
bipartite graph G = (P ∪ M, {pm | p ∈ P,m ∈ M,R(p,m) = 1}) by insert-
ing an edge whenever policy requirement p is addressed by property m. Con-
sider Figure 1 for an illustration of G: as the ML properties differential privacy
and k-anonymity both address the policy requirements private and robust, we
have edges private-differential privacy, private-k-anonymity, robust-differential
privacy and robust-k-anonymity. Since enforcing certain ML properties can be
costly – e.g., the standard implementation to ensure differential privacy is com-
putationally expensive – each ML property m ∈ M is additionally associated
with some cost c(m); we remark that these costs do not have to directly cor-
respond to technical costs, but might also stem from organizational overhead.
Similarly, policymakers might regard some policies as more crucial than others,
which we model in two ways: each policy requirement p ∈ P has some associated
importance score s(p) that helps decision-makers prioritize; and, in addition,
we define some subset Phard ⊆ P of hard policies that must be satisfied. For
instance, we might consider the requirement that AI systems are explainable
as non-negotiable, but allow some systems to be non-private if used in low-risk
contexts or non-sensitive domains. To take into account the costs associated to
certain machine learning properties as well as the importance scores associated
with certain policy requirements, we set thresholds δc and δs, i.e., our costs are
not allowed to exceed δc and our total importance score needs to reach at least δs.
Finally, we represent pairwise conflicts between ML properties (m,m′) inM×M
in the conflict graph GC = (M, {mm′ | m,m′ ∈M,m and m′ are in conflict}),
where all conflicting ML properties are connected via an edge; refer to Figure 1,
where GC represents the discussed tensions between the right to explanation
and the right to privacy.

Given the formalization of policy-property relationships, conflicts, importance,
and costs, we next pose a compliance decision problem that asks for a low-cost,
conflict-free selection covering required policies; we show it is intractable and
then introduce greedy algorithms to navigate these trade-offs.



Towards Automated Compliance Verification 5

4.2 Why Exact Compliance Selection Is Hard

We next formalize the task of finding an ideal mapping as the decision problem
Be Cheap But Compliant (BCBC) and show that BCBC is intractable.

Definition 1 (Be Cheap But Compliant (BCBC)). Given policy-
property graph G, conflict graph GC , hard policy requirements Phard ⊆ P, impor-
tance scores s : P → N, costs c :M→ R, cost threshold δc ≥ 0, and importance
threshold δs ≥ 0, the Be Cheap But Compliant problem is defined as follows.
Does there exist a set of ML properties Mass ⊆M such that the following holds:

1. Mass is an independent set in GC ;
2. Phard ⊆ Pass, where Pass =

⋃
m∈Mass

NG(m);
3.

∑
p∈Pass

s(p) ≥ δs;
4.

∑
m∈Mass

c(m) ≤ δc.

In other words, Be Cheap But Compliant asks whether there is a set
of ML properties that together address all hard policy requirements, are not in
conflict and do not exceed the cost score while reaching the importance score
threshold with the satisfied policy requirements. Unfortunately, finding an ideal
mapping from policy requirements to ML properties is NP-complete, which we
state more formally in Proposition 1.

Proposition 1. The Be Cheap But Compliant problem is NP-complete.

Proof sketch. We prove Proposition 1 by a reduction from SAT. The main idea
of the reduction is to map literals to ML properties and clauses to policy re-
quirements and thus coverage constraints. Please find the full proof in Section A
in the Appendix.

Proposition 1 implies that as the number of regulatory requirements and po-
tential conflicts grows, finding an exact, single best selection of technical guar-
antees can quickly become computationally prohibitive in practice. Therefore,
we next propose a new compliance scheme that returns a set of ML models
that jointly satisfy a given set of required policy demands. We realize this via
two polynomial-time greedy algorithms that favor either broad coverage or low-
conflict solutions under the cost threshold, making explicit when multiple models
are needed to meet prioritized requirements.

4.3 An Efficient Algorithm for Conflict-Aware Compliance

We now propose two variants of an efficient greedy algorithm that returns a
set of conflict-free ML models that jointly satisfy the policy requirements. We
assume that properties selected to cover hard requirements are always included,
irrespective of δc; their combined cost forms a mandatory baseline, and δc bounds
only the additional cost incurred for soft requirements. For tractability, we pri-
oritize high-importance requirements by processing them in decreasing order of
s(p), without guaranteeing that the importance threshold δs is reached. Given
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a family of ML models H, policy-property graph G, and conflict graph GC , our
greedy algorithm outputs a set of trained ML models H ⊆ H that aims to jointly
satisfy all requirements. We introduce two variants: (i) GreedyMaxDegree in
(see Algorithm 1), which chooses high-degree vertices fromM in G and therefore
aims to cover many policy requirements in each iteration, and (ii) GreedyMin-
Degree (see Remark 1), which chooses low-degree vertices in GC and therefore
aims to reduce the number of conflicts among selected properties.

Algorithm 1 GreedyMaxDegree
1: Input: Set of policy requirements P, set of ML properties M, policy-property

graph G, conflict graph GC , hard policy requirements Phard, importance score
function s, cost function c, cost threshold δc, family of ML models H

2: Output: Set of trained ML models H

3: H ← ∅
4: Msel ← ∅
5: C ← ∅
6: Sort P in decreasing s(p)
7: for each policy requirement pi in this order do
8: mi ← argmaxm∈NG(pi) degG(m)
9: if mi ∈Msel then

10: continue
11: end if
12: if pi /∈ Phard then
13: C ← C + c(mi)
14: if C > δc then
15: C ← C − c(mi)
16: continue
17: end if
18: end if
19: if there exists Mj ∈Msel such that Mj∪{mi} is an independent set in GC then
20: Mj ←Mj ∪ {mi}
21: else
22: Msel ←Msel ∪ {{mi}}
23: end if
24: end for
25: for each Mj ∈Msel do
26: Train one hj ∈ H satisfying all ML properties in Mj

27: H ← H ∪ {hj}
28: end for

29: return H

Remark 1. The GreedyMinDegree variant is obtained from Algorithm 1 by
replacing the selection rule mi ← argmaxm∈NG(pi) degG(m) in line 7 with the
alternative rule mi ← argminm∈NG(pi) degGC

(m).
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GreedyMaxDegree selects ML properties that cover most policy requirements
at once, maximizing coverage within a given cost budget; this is useful when the
goal is broad, rapid progress across requirements, as in early-stage audit prepa-
ration. The trade-off is that high-coverage properties tend to conflict with one
another, making it more likely that some requirements cannot be jointly sat-
isfied and that trade-offs must be explicitly documented. GreedyMinDegree
instead prioritizes properties with few known conflicts, yielding a more coher-
ent and justifiable set of guarantees. This is better suited for high-stakes or
rights-critical deployments where regulators expect a clear rationale for each
design choice, even if fewer requirements are covered overall. GreedyMaxDe-
gree and GreedyMinDegree both ensure that all hard policy requirements
are satisfied and aim to maximize the importance scores while not exceeding the
cost threshold. Both algorithms run in polynomial time (see Section B in the
Appendix for details), meaning compliance can be ensured efficiently even as the
number of policy requirements grows. This stands in stark contrast to the under-
lying selection problem, which is NP-complete, i.e., finding the provably optimal
selection of ML properties would become computationally infeasible as regula-
tions expand. The greedy approach thus offers a practical path to compliance
planning at scale, without sacrificing tractability.

4.4 Verifiably Compliant Models in Practice

In this section, we implement our algorithmic verification scheme to evaluate its
utility for a selected set of properties and requirements. To find a good mapping
from policy requirements to ML properties, we implement the greedy algorithms
presented in the previous section. Our scheme then consists of two stages for each
model: (i) a training process in which the chosen ML properties provide a priori
guarantees and (ii) posthoc checks for compliance violation on held-out test data.
In the following, we will briefly describe our input data, the experimental setup,
and present results for the popular vision dataset CIFAR10 [26]. Please find
more details on the experimental setup in Section C and additional results on
Fashion-MNIST [44] in Section D in the Appendix.

Policy-property graph and conflict graph. To build a BCBC input instance, we
choose the policy requirements listed in Table 1; note that the content of this ta-
ble is exemplary and not an exhaustive list. We thus set P = {explainable, trans-
parent, robust, private} andM = {counterfactual explanations (CF), conformal
prediction (CP), differential privacy (DP)}. In our scenario, explainability and
transparency are prioritized with importance scores of s(explainable) = 10 and
s(transparent) = 8, followed by s(robust) = 6 and s(private) = 4, and we omit
hard policy requirements and costs. The property-policy graph is constructed
similarly to Figure 1 (left): The policy requirement explainable is addressed by
ML property CF and transparent is addressed by CP. The requirement robust is
addressed by both, CF as well as DP, as the former is commonly trained with
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adversarial robustness methods to provide more stable explanations4 [39,42].
Lastly, the policy requirement private is addressed by ML property DP. The con-
flict graph consists of the single edge DP−CF. In this setting, both MaxDegree
as well as MinDegree are expected to return the same result: an explainable,
transparent and robust model H1 that implements CF and CP, and a private
model H2 that implements DP.

Table 1: Exemplary mapping from EU AI Act requirements to ML properties.

Policy requirement Source ML property

transparency EU AI Act Art.
13(1)–(2)

Conformal prediction sets (coverage
guarantees); calibrated probabilities
[20,4]

explainability EU AI Act Art.
13(3)(b)(iv)

Counterfactual explanations [43,23]

robustness EU AI Act Art. 15 Certified adversarial robustness (ran-
domized smoothing; differential pri-
vacy) [7,27]

privacy EU AI Act Art.
10(5)

Differential privacy (e.g., DP-SGD); k-
anonymity [10,1,41]

Experimental setup. We test our compliance scheme on the two vision datasets
CIFAR10 [26] and Fashion-MNIST [44]. In addition to Algorithm 1, which
returns a set of trained models, we also train two baseline models. We perform
three runs for each dataset, our compliance scheme, and each baseline, and re-
port results averaged across the runs. We ensure a priori compliance in the
training process and check for empirical compliance via a posthoc audit on the
trained models. We consider the latter to be successful, if the models pass pre-
defined threshold values; for our compliance scheme, we perform the posthoc
compliance checks only for the model that addresses the tested policy require-
ment. Please find more details on the experimental setup below as well as in
Section C in the Appendix. Baselines. We compare our compliance scheme with
two baselines: NG-Baseline is a model trained with no theoretical guarantees,
while All-Baseline is a model that is trained with all ML properties at once, ig-
noring potential conflicts. Model cards. In addition to the guaranteed properties,
our algorithm also returns model cards that detail the training procedure and
how each policy requirement is satisfied. The model cards are in the human-
readable and machine-checkable format of JSON files. A priori compliance. For
verifiably private models, we use DP-SGD [1] with ϵ = 5 and δ = 10−5. For
4 Note that TRADES [47], which we use, does not provide per-example certified ro-

bustness, but provides formal guarantees on the robust error on a population level;
we leave the implementation of per-example certified robustness for future work.
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transparent models, we use split conformal prediction [4] with a target coverage
of 90% as well as model cards. For explainable models, we train the models with
the TRADES loss [47] to obtain more stable explanations which we compute via
projected gradient descent. Robustness is thus implicitly implemented in CF,
as well as through DP [27]. Posthoc compliance. To assess whether the trained
models are violating any of the required policies, we perform additional checks
on held-out test data. For privacy, we conduct membership inference attacks;
for transparency, we compute the expected calibration error as well as the em-
pirical coverage; for explainability, we compute the average L2 distance to the
counterfactual explanations; for robustness, we compute the drop in average ac-
curacy for adversarial input samples. To assess compliance, we choose reasonable
threshold values detailed in Section C in the Appendix.

Results. As expected, both MaxDegree as well as MinDegree return the
same mapping: one model where CF addresses explainability as well as robust-
ness and CP addresses transparency, and one model where DP addresses privacy.
We present the results for running MaxDegree on CIFAR10 in the table be-
low; additional results on Fashion-MNIST can be found in Section D in the
Appendix. Table 2 shows that, overall, our verifiable compliance scheme per-

Table 2: Compliance checks for CIFAR10

Model Guarantees Transparent Explainable Robust Private

NG-Baseline ✗ ✗ ✓ ✗ ✗

All-Baseline ✓ ✗ ✗ ✗ ✓

Ours ✓ ✓ ✓ ✗ ✓

forms best. NG-Baseline, which offers no theoretical guarantees, only passes the
compliance checks for explainability, and fails for the remaining policy require-
ments. All-Baseline, on the other hand, provides formal guarantees, but fails
for all policy requirements except for privacy. Our set-based approach provides
formal guarantees and only fails for the robustness check. This could be due to
the TRADES loss bounding the robust error at the population level without
per-example certificates. Alternative approaches such as randomized smoothing
[7] could provide per-example certificates, at a higher computational cost. We
point out that All-Baseline and our model still achieve an accuracy of around
20-25%, while the NG-Baseline has an accuracy of 0%; thus, while both models
with guarantees fail the compliance check for the threshold of 40% accuracy,
they perform significantly better than the model without any guarantees.
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5 Conclusion & Outlook

We proposed a two-stage compliance scheme for ML systems combining a pri-
ori guarantees with posthoc compliance violation checks, and showed that the
underlying selection problem is NP-complete. We provided a tractable solution
by introducing two efficient greedy algorithms that return sets of ML models
that aim to jointly satisfy prioritized policy requirements while making conflicts
explicit. We instantiated our proposed compliance scheme on concrete policy
requirements and ML properties to evaluate the greedy algorithms empirically,
and integrated model cards as a transparency mechanism to better support reg-
ulatory oversight. For future work, we will provide approximation guarantees for
the greedy algorithms and perform an exhaustive empirical evaluation.

Implications for Policy Makers. Since some policy goals cannot be satisfied si-
multaneously, effective oversight should require explicit conflict documentation,
prioritized trade-offs, and, where necessary, multiple models jointly covering re-
quirements rather than a single all-in-one system. Implementing these practices
would improve accountability and auditability for regulatory oversight in demo-
cratic contexts.
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A Missing Proof

In this section, we provide the missing proof for Proposition 1.

Proposition 1. The Be Cheap But Compliant problem is NP-complete.

Proof. For the proof, we consider the special case of c(m) = 0 for all m ∈ M,
Phard = P and s(p) = ∞ for all p ∈ P. BCBC is in NP: Given a subgraph
H = G[Pass ∪Mass] we can check in O(n) time whether deg(p) ≥ 1 for |P| = n
and in O(k2) time whether Mass is an independent set in GC for |M| = k.
What remains to show is that BCBC is NP-hard, which we do by a reduction
from SAT. We first (i) define a mapping from SAT to BCBC, and then (ii) –
(iii) show correctness in both directions. (i) Mapping SAT instance to BCBC
instance: Given our SAT instance φ with m variables and n clauses in CNF, we
construct the incidence graph Gφ = (C ∪ L, {uv | u ∈ C, v ∈ L, literal v occurs
in clause u}) of SAT, where node set C contains all clauses, and node set L con-
tains all literals (positive and negative). Additionally, we define a conflict graph
Gvar(φ) = (L, {uv | u, v ∈ L, u = ¬v}) that consists of all literals as nodes and
an edge for every pair of positive and negative literals of the same variable. We
reduce our SAT instance (Gφ, Gvar(φ)) to a BCBC (G,GC) instance as follows.
We first construct G and GC by setting C = P and L =M. The construction is
in polynomial time, as creating the incidence graph takes O(n+k) time, and cre-
ating the conflict graph takes O(k) time. Constructing G from Gφ and GC from
Gvar(φ) takes constant time. (ii) SAT-Yes-instance =⇒ BCBC-Yes-instance:
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Following our construction, a satisfying assignment for (Gφ, Gvar(φ)) is defined
as a subgraph H = Gφ[Cass ∪ Lass] such that ∀c ∈ Cass ⊆ C, deg(c) ≥ 1
and Lass ⊆ L forms an independent set in Gvar(φ). Applying our mapping
C = P, L = M, we obtain H ′ = G[Pass ∪ Mass] such that ∀p ∈ Pass ⊆ P,
deg(p) ≥ 1 and Mass ⊆M forms an independent set in GC , which is, by defini-
tion, a Yes-instance of BCBC. (iii) BCBC-Yes-instance =⇒ SAT-Yes-instance:
H is a BCBC-Yes-instance if ∀p ∈ Pass, deg(p) ≥ 1 and Mass is an indepen-
dent set in GC . Considering our mapping, this corresponds to the SAT instance
H ′ = Gφ[Cass ∪ Lass] such that ∀c ∈ Cass ⊆ C, deg(c) ≥ 1 and Lass ⊆ L forms
an independent set in Gvar(φ), which is a satisfying assignment of φ.

B Runtime Complexity of Algorithm 1

In this section, we briefly discuss the exact runtime of Algorithm 1.

The sorting step in line 6 takes O(n log n) time, looping through the policy
requirements in lines 7–16 takes O(n) time, and each selected property may be
checked against all previously selected properties in GC which is in O(n). As
M = k ≤ n, the overall runtime of both algorithms is thus dominated by O(n2)
for n policy requirements.

C Experimental Setup

We implemented our prototype in Python and used PyTorch [35] for the train-
ing process and Opacus [45] for ensuring differential privacy. We conducted all
experiments on a consumer-grade GPU. For both datasets, we set H to be con-
volutional neural networks with three convolutional layers, two fully-connected
layers, and used ReLU as activation function. We use group norm for the convo-
lutional layers and dropout of 0.3 for the fully-connected layers. For the non-DP
training, we use the Adam optimizer, a learning rate of 10−3, cross-entropy loss,
batch size 256, and early stopping with a patience of 5 and minimum change of
10−3. For the private training, we use DP-SGD as optimizer with a learning rate
of 0.05, momentum term of 0.9, maximum gradient norm of 1 and a logical batch
size of 1024. We train CIFAR10 for a maximum of 50 epochs, and Fashion-
MNIST for a maximum of 30 epochs; for the private training the number of
epochs equals the maximum number of epochs to ensure that the target ϵ value
is reached. For the posthoc compliance checks we use the thresholds listed in
Table 3.

D Additional Results

We present the results of the posthoc compliance checks for Fashion-MNIST
in Table 4. On Fashion-MNIST our approach fails the explainability check by
a small margin. One possible explanation is that the TRADES loss flattens the
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Table 3: Compliance audit thresholds.

Policy Metric Threshold

Pprivacy Membership inference attack advantage ≤ 0.10
Probust Projected gradient descent (ϵ=0.1) adversarial accuracy ≥ 0.40
Pexplain Mean counterfactual L2 distance ≤ 0.30
Ptransparent Mean per-class expected calibration error ≤ 0.10
Ptransparent Empirical conformal coverage ≥ 0.88

loss surface around training points, thus pushing the decision boundaries away
from the training data and possibly making counterfactuals more distant. This
shows that, despite often providing more stable explanations, robustness and
explainability still exhibit a quantitative tension, which has to be further inves-
tigated. Additionally, we can observe how the NG-Baseline passed all checks but
robustness despite carrying no guarantees. This supports, rather than under-
mines, our proposed two-stage compliance scheme: Fashion-MNIST is an easy
benchmark dataset and a standard model is incidentally private and incidentally
well-calibrated. Posthoc auditing alone cannot tell incidental compliance from
guaranteed compliance. Incidental compliance also does not transfer, as a similar
baseline approach performs significantly worse on CIFAR-10 (Table 2).

Table 4: Compliance checks for Fashion-MNIST

Model Guarantees Transparent Explainable Robust Private

NG-Baseline ✗ ✓ ✓ ✗ ✓

All-Baseline ✓ ✗ ✗ ✓ ✓

Ours ✓ ✓ ✗ ✓ ✓
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