FedCF: Fair Federated Conformal Prediction

Anutam Srinivasan *f, Aditya Vadlamani >*, Amin Meghrazi 2, Srinivasan Parthasarathy 2
1Georgla Institute of Technology 2The Ohio State University
asrinivasan350@gatech.edu, vadlamani.12@osu.edu,

meghrazi.1l@Qosu.edu, srini@cse.ohio-state.edu

Abstract

Conformal Prediction (CP) is a widely used technique for quantifying uncertainty
in machine learning models. In its standard form, CP offers probabilistic guarantees
on the coverage of the true label, but it is agnostic to sensitive attributes in the
dataset. Several recent works have sought to incorporate fairness into CP by ensur-
ing conditional coverage guarantees across different subgroups. One such method
is Conformal Fairness (CF). In this work, we extend the CF framework to the
Federated Learning setting and discuss how we can audit a federated model for fair-
ness by analyzing the fairness-related gaps for different demographic groups. We
empirically validate our framework by conducting experiments on several datasets
spanning multiple domains, fully leveraging the exchangeability assumption.
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Figure 1: End-to-End FedCF Pipeline.

1 Introduction

Ensuring model fairness is an important construct for trustworthy machine learning (ML). ML models,
when not calibrated for fairness, are prone to developing biases at each stage of an ML pipeline, as
reflected by their predictions [Mehrabi et al.,[2021]]. We define bias as disparate performance (e.g.,
classification accuracy) across different sub-populations. During data collection, measurement bias
may arise from disproportionate sampling across subpopulations, whereas representation bias may
stem from insufficient training data for specific strata. During training, these biases are inductively
learned by the model-leading to incorrect predictions in safety-critical tasks. These models are also
susceptible to algorithmic bias from regularization and optimization techniques during model training,
leading to incorrect generalization for marginalized groups. To mitigate these risks, many ML models
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must comply with regulations issued by local governing bodies [Hirsch et al.|[2023|]. Towards model
compliance Komala et al.|[2024], Agrawal et al.|[2024], Jones et al.| [2025]] proposed approaches to
enhance model fairness in tasks, including federated graph learning and representation learning.

Developing trustworthy ML frameworks with mathematically rigorous guarantees is an important
requirement for regulated safety-critical tasks. In this context, researchers have explored Conformal
Prediction (CP), an uncertainty quantification (UQ) technique that only assumes statistical exchange-
ability, to develop trustworthy models [Vovk et al., 2005]. Practitioners have adopted CP due to its
model-free assumption and post-hoc application [[Cherian and Bronner,2020]]. Additionally, users can
apply CP to structured data (e.g., graphs), which cannot be used with traditional IID-based methods
[Maneriker et al., 2025]. However, vanilla CP is not calibrated for fairness [[Cresswell et al., [ 2025]].

Several approaches have been proposed at the intersection of fairness and CP.Romano et al.[[2020a]
developed a CP approach for the regression setting to ensure equalized coverage across protected
groups. |[Lu et al.|[2022] considers equalized coverage in a classification task for medical imaging.
Zhou and Sesial [2024]] extend |Romano et al.[[2020a] and provide an algorithm adaptive to sensitive
groups to increase the predictive power of the CP sets when several sensitive attributes are present,
and focus on the classification task. Lastly,|Vadlamani et al. [2025] provides a framework that ensures
fair coverage of positive outcomes without requiring protected attributes at inference time, unlike
prior work. Orthogonally, CP has been used to enhance the fairness of other tasks. To mitigate bias in
LLM-based recommender systems, [Fayyazi et al. [2025]] explores iteratively using fairness-aware CP.

The above fair CP methods rely on centralized data, a challenge in domains such as healthcare and
finance, where data is often decentralized and data privacy regulations apply. Federated learning
offers a solution by enabling collaborative model training without transferring raw data off local
clients. However, while recent work on federated CP exists [Lu et al.,| 2023, [Humbert et al., [2023]], the
shift toward privacy-preserving decentralized training often exacerbates unfairness [Kanaparthy et al.|
2022, Lo et al.,2025] in ML models. Simultaneously balancing fairness and federated requirements
in CP is non-trivially challenging due to variability in client requirements and capabilities, cross-client
distribution of sensitive attributes, and efficiency.

Key Contributions: We present Federated Conformal Fairness (FedCF), see Figure[I] which adapts
Conformal Fairness (CF) [Vadlamani et al.| |2025] to a federated setting, addressing the above
non-trivial challenges while maintaining CF’s theoretical guarantees in a distributed setting.

Extending CF Theory to FL. We discuss how to bound conditional coverage according to a
user-specified fairness notion when data is decentralized. To facilitate this, we develop a novel
mixture-of-clients formalization, in which we decompose the conditional coverage into a sufficient
set of terms that each client can compute using local data, determine how the server should aggregate
these terms to bound the conditional coverage, and theoretically prove the validity of our approach.

Descent-Based CF Formulation. We revise the original CF algorithm to reduce the number of
communication rounds required. We do this by reformulating the original iterative approach presented
in Vadlamani et al.|[2025] into a descent-based optimization framework. This allows FedCF to be
embedded directly into an FL algorithm and to integrate naturally within existing FL systems.

Flexible Aggregation Protocols. We consider the client-server communication overhead and its
tradeoff with preserving data privacy. Specifically, we propose two approaches, with one having less
communication overhead and the other being more privacy-preserving of client data.

Real-World Empirical Validation. We evaluate FedCF on several datasets with naturally induced
data heterogeneity, across different modalities and popular fairness metrics. We observe that FedCF
can control for a particular coverage gap level while maintaining the original CP guarantee.

2 Background

2.1 Conformal Prediction

Conformal Prediction (CP) [Vovk et al., [2005] is a widely used framework for quantifying predictive
uncertainty in ML. CP provides rigorous statistical guarantees without imposing assumptions on the

model, requiring only that the data is exchangeable—a broader condition than IID and compatible
with non-IID or structured settings (e.g., graphs).

We focus on split (inductive) CP in the classification setting. Letx; € X = Réandy; € Y =
{0,...,C — 1} denote features and labels. Given a calibration dataset, Deaiip, = {(x;, yi)}?zl, our



goal is to construct a set-valued predictor C such that, for an exchangeable test point (Zest, Yrest)s
1
l1—-a< Pr[ytest c C(w[est)] <l—-a+ TPomin]F1° (1)

where 1 — a € (0, 1) is the target coverage level. We refer to Equation as the coverage guarantee.
Concretely, given a non-conformity score s : X x YV — R, define the conformal quantile as

[(n+ 1A= a)

() = Quantile( (s, yi)}z;l). @

The resulting prediction set Cy(a) (Tiest) = {y € V & 5(Teest, y) < §(a) } satisfies the guarantee in

Evaluating CP: Two standard metrics are considered (averaged over the test set): (1) Coverage, the
estimated test-time probability, Pr [ytest S C@(a) (cctest)]; and (2) Efficiency, the prediction set size,

|Cq(a) (Tiest) ’ These are typically in tension as a higher desired coverage leads to larger sets.

2.2 Federated Learning

A key contributor to developing strong deep learning models is providing a large amount of qual-
ity training data [Kaplan et al.| 2020]. However, in domains including healthcare and finance,
collecting large amounts of data may be prohibitive due to privacy concerns. Federated learn-
ing (FL) McMabhan et al.| [2017] is a framework for collaborative learning that keeps training
data decentralized and private. Given K clients that participate in training, each client has its
own training data that it wants to keep private. The goal is to optimize a global loss function
L that is the weighted average of local risk functions ¢;. Formally, FL finds weights 6* s.t.

0* = argmin{L(a) = Zkf,(zl 'LUkE(a;(k)7y(k))NPk [gk (9, :L'(k),y(k))} }7 where Pk is client k’s local
0

distribution and w € AK are weights [Lu et al., 2023|.

2.3 Federated Conformal Prediction (FCP)

Setting: In FL, the development and calibration datasets are partitioned over K clients. Meaning,
each client k € {1,..., K} = K retains a private calibration set D"}, = {(xj.’“), yl(k)) }n_kl drawn
from an unknown local distribution P. The goal is to still construct a prediction set function C such
that for any test point (Ziest; Yrest) ~ Qrest, Where Qrest = Zszl i Py is the mixture distribution
with weights v, « (ng + 1) [Lu et al.,|2023], Equationis satisfied. This is done while respecting
the communication and privacy constraints of FL.

Partial exchangeability and the FCP algorithm. FCP [Lu et al.| [2023] relies on the notion of
partial exchangeability [de Finetti,|1971]], by requiring that within each client, with probability s,

{s(wgk), ygk)), ce s(mg?, y%?% 8(Ztest; Yrest) } is exchangeable. This assumption helps account for

real-world label skew and data heterogeneity amongst clients. Under this assumption, FCP aggregates
all non-conformity scores and selects the ((1 — ) (N + K))-th statistic as follows

j(a) = Quantile( [V + Kj\)[(l o] ) {(mz('k>’ ygk)) }kl) ©

where N = Zszl ng. The prediction set Cy, () = {y : s(x,y) < {,} then satisfies,
1 -« S Pr[ytest S Ca(wtest)} S 1 -« + MLK (4)

Communication-efficient quantile sketches. To preserve privacy, instead of transmitting all N
scores to the server, each client can send a mergeable sketch (e.g., T-Digest [Dunning| 2021]],
DDSketch [Masson et al [2019])). Doing so loosens the guarantee given in Eq. (@) [Lu et al.|[2023].

2.4 Conformal Fairness

The Conformal Fairness (CF) framework [Vadlamani et al.l [2025]] formalizes the notion of fair
prediction sets by considering the disparity in conditional coverage between sensitive groups and
improves upon the marginal coverage guarantees of traditional CP, where different groups face
disparate coverage. Formally, let M denote a fairness metric (e.g. Equal Opportunity) and defines
the filter function Fi; : X x Y x G x YT — {0, 1}, where G is a set of sensitive attributes, and
Y+ C Yis the set of advantaged outcomes, to assess conditional coverages. For example, Fy; for




Equal Opportunity is defined as Fis(@test, Ytests 9, Y) := L[Ttost € g A Ytest = y]- Then, CF finds
class-wise thresholds, Aoyt € Rl and defines Cov (Trest) = {y € V2 8(Test, ¥) < Aopis(y) + Where
Aopts(y) is the threshold for class y, such that, V g, g, € G, § € Y

’PI‘ [g € C)\(,pl(a?lest) ‘ FM(wlesl, Ytest; Ja, ﬂ) = 1}—PI‘ [17 € C)\(,p,(w[esl) | Fiy (wlesly Ytest, gb, Q) = ]-] | Scy (5)

where c is a user-specified closeness criterion dictating how strictly fairness must be satisfied. CF
searches over A = [A\g, Amax| to minimize Aopt;(y) (thereby the prediction set size) while satisfying
Equation |5} CF sets Ao = () to retain the coverage guarantee Pr[y € Cy,, (Teq)] > 1 — o, while
Amax 18 the largest value the non-conformity score may take. To determine if a threshold A satisfies (3))
under exchangeability, CF finds tight upper and lower bounds Uy (A, Fias, g, §) and Leoy (X, Fiar, g, 9)
such that Lcov()v FM7 9, Zj) < Pr [:’j S C)\Opl(mtest) ‘ FM (mtesta Ytestr 9 :’j) = 1] < Ucov(/\a F]Wa g, g)
and formally computes the coverage gap,

cg(\, Far, 9,G) := max{Ucov (A, Fir, 9o, ¥)} — min{ Leoy (N, Far, g5, 9) }- 6)
9a €G g€EG

For a given positive label g, CF returns the minimum X that satisfies cg(\, Fiar, 9, G) < ¢ as Aopi(5)-
For labels y ¢ VT, CF returns Aopt;(y) = Ao- With this procedure, CF offers a theoretically grounded
way to bound fairness disparities (Eq. () without sacrificing CP’s finite-sample coverage. Note
that CF does not aim to equalize coverage across groups or classes (like other works [Romano et al.|
2020a])), but instead controls the coverage gap across groups for different labels. More details on
Conformal Fairness can be found in Appendix [D]

3 FedCF Theory and Methodology

In this section, we begin by establishing the theoretical and methodological foundations. We introduce
a descent-based reformulation of the CF Framework (3.1) that is conducive to the FL setting. Next, we
extend the notion of the coverage gap (3.2) and clarify our assumptions and the theoretical guarantees
we can derive. Finally, we present the Federated Conformal Fairness (FedCF) Framework.

3.1 Revisiting the Conformal Fairness Algorithm

One drawback of the original CF algorithm is that it performs a grid search over a discretized space
to find the minimal )\ satisfying the fairness specification. This requires computing the coverage
gap for each positive label every iteration, which is inefficient in the FL setting due to client-server
communication. We introduce a descent-base CF algorithm also seen in Algorithm

Input: The core optimization step requires a positive label, § € V7, the clients’ calibration data,

{Dé’;l)ib} rex and a filter function, Fis to compute the coverage gap across the set of groups G. For
fairness evaluation, we specify a closeness criterion, c. For the optimization hyperparameters, we
specify the number of optimization rounds, initial learning rate n, and momentum g. We initialize
Ao = §(«) as defined in (3] to ensure the original coverage guarantee (@) is satisfied.

Problem: Given the inputs, let A € A be a threshold and cg(\, Fr, 7, G) be the coverage gap
evaluated at \. The optimization problem for CF can be formulated as
Vi€ Vh : Aopug) = r/\ni/rxl)\ subject to cg(\, Fiar,9,G) — ¢ < 0. 7
€

Procedure: In round ¢, for each § € Y, given the current threshold )\E;% and current optimal (and

satisfactory) threshold \‘*)

opt; (§)°
whether it adheres to our fairness constraint. The update rule for AE; is,

we can compute the coverage gap cg, = cg()\%)), Fa, g, G) and evaluate

NGO = A 02 b, b = b+ (g — ), o= maxd{ [loga (0/ama)] 0}, ®)
S\(t) o )\(t~)7 b >0,

Gmax = min{n, ﬁ} , Al= ?st;(y) (g Ul = ©)
|ber1| + € A = o, best < 0,

Our approach does not stop once a satisfactory A is found. We continue exploring smaller values
(unlike in a discretized grid). In the case where our modified step size is b;4-1 > 0, meaning the update

'We use the term descent-based since we are adaptively searching for a minimal X that satisfies the fairness constraint. The
term descent-based does not imply the use of gradients [Liu et al.| 2020} |Golovin et al.}|[2020].



rule takes us to a higher A\, 1, and satisfies the fairness constraint, we perform a random restart to
promote further exploration and escape local minima, since cg(, Fir, 3, G) is piecewise-monotonic
Milnor and Thurston| [2006]. For more details, see Appendix [D]and Algorithm (lines [T3]{T5).
We note that this algorithm directly applies to the federated setting, with one important consideration:
the coverage gap computation.

3.2 Extending Coverage Gap to the Federated Setting

Table 1: Important notation used for coverage gap calculation.

Notation Definition \ Notation Definition
ne D) D) Client k’s calibration d
k calib calib 1ient k’s calibration dataset.

Y U U k 0]
n,(cg 9 S,ig 2 S]ig » {(mlvyl) eD(ﬁa])lb ‘ F]W(miaylﬁgv ) = 1}

ve  Pr[E] Er  The event @ is exchangeable with D((:al)lb
7(9:¥)  Point estimate for L9 ye®  Bounds for Term @ in Equatlon

1 1 S )5 ~
Term @ in Equatlon aig 9) Z(mi_)esfj'*g’ 1s(zi, ) < A

Assumptions & Notation: To account for heterogeneity in client data in FL, the presented theory
assumes partial exchangeability. It requires only that one instance of a group-label pair be observed
across all clients (cf. Remark [3.3). No further distributional assumptions are made here. For clarity,
Table [T] summarizes the notation used in our main theorem, with a complete table in Appendix

Mixture-of-Clients Coverage Gap Formulation. In the federated setting, since the data is decen-
tralized, we cannot directly estimate the terms in (). Thus, we rewrite the quantity as:

K
PY[S(wtesu@) <A | F]\4(wtesl7yleslvg7g) = 1} = Z (Pr[s(wlesl, < A | FM $lesl,ylest7g7 ) =1 Ek}
Moy k=1 o)
—1
- PrFa(Test, Yest, 9,9) = 1| Ex] -Pr[Ek}) : (Pr[F]M(mtestyylest,gyg) = 1}) (10)
——

@ (@ ©

With this reformulation, we can estimate individual terms—either locally on each client or globally on
the server. The following theorem presents bounds for the fairness-specific coverage level. Bounds
for the individual terms are given in Lemmas [E.2] and[E.3] The corresponding proofs for the
lemmas and theorems are provided in Appendix

Theorem 3.1 (Interval Bounds). The fairness-specific coverage level, 11.,,, given by Equation
can be bounded as va()\ Frry9,9) < ey < Ueor(N, Firy g, 9), where

(9:9);A K (9:9);A
O RQy TTT Yoy, +1)
LL'()V(Aa F]Vfa g, y — nk + 1 U(g’ Cll’ld Uwv()\ FM,g y) ] (nk; T 1)L(g7ﬂ) . (1 1)

(9,9 (g 9)
~ K n ~ +1
and L(gvy) = Zk:l Yk TL];;—O—I and U(gay) Zk 1 Vi~ nk+1
Theorem [3.1] gives us bounds for the coverage level, which translate into bounds for the coverage gap
between groups for fairness evaluation. We note that Aoy = Amax is a degenerate solution satisfying
the closeness criterion, and formally show that the condition to ensure entries of Aopt < Amax:

ne+1
N+K’

sets (i.e., A < Amax), we need N(99) .= ZkK:1 n,(cg’g) > %for all (g,9) € G x Y.

Theorem 3.2. Given a closeness criterion, c and y;, = in order to have non-vacuous prediction

Remark 3.3. We only require a certain amount of data across the federation—not per-client.

3.2.1 Approaches to Improve Prediction Set Size (Efficiency)

As seen in [Vadlamani et al| [2025], improving fairness inevitably comes at the cost of utility
(efficiency). To address this tension, we explore two approaches.

I. MLE: FedCF relies on the broad assumption of partial exchangeability, similar to FCP, resulting in
more conservative bounds. With stronger assumptions, we can get a less conservative bound. For



example, suppose the data satisfies a notion of partial IID, that is, for each client k, with probability

Vs {S(wgk), ygk))7 ol s(wﬁ,’?, ygli)), $(Ttest, ytest)} is IID. Note this is not the same as assuming

IID across the federation. Then we can construct a point estimate of our coverage bound using
maximum likelihood estimation (MLE). This gives us a tighter estimate, but may violate the earlier
finite-sample guarantees. We formalize this in the following theorem with the proof in Appendix [E]

Theorem 3.4 (Point (MLE) Estimate). If we assume partial-I1ID, using MLE estimates for each term,

RDIRN
Wk,llig )

we get the following estimate for the fairness-specific coverage level, 11, = Zszl ryecEIt

I1. Using Group Information FedCF does not require group-information at inference time. However,
FedCF can be modified to use group information, such that Ay € AIYIX191 For alabel y the threshold
VECLOr is Agpy; (y) € A9, the problem becomes,
mi‘%‘ f(A) subjectto cg(\, Far,9,G) — ¢ <0, (12)
AEA

where f is the scalar objective, and cg is redefined to accommodate different thresholds for each
group. In this work, we take f(\) = AT1 to be the elementwise sum and approximately solve (T2).
Theoretical details of problem (I2)) and how we solve it are in Appendix

3.3 FedCF: Federated Conformal Fairness framework

Having established the sufficient terms to compute the fairness-specific coverage gap, we now present
the FedCF framework, which is depicted in Figure [I We discuss FedCF in the context of the
interval-bounds estimates from Theorem 3.1} noting the discussion also applies to the point-estimate
case by setting Leoy = Ucoy = ILeoy. Recall, the coverage gap is given by Equation [6]or equivalently,

cg(\, Fur, 3,G) = grrﬁég{Ucov(A, Funr,gas§) — Leov(A, Far, gb, §) - (13)
While Equations [6] and [I3] are mathematically equivalent, their formulations lead to two different
communication and aggregation strategies, demonstrating the tradeoff between communication
overhead and privacy. We present the communication efficient protocol in the main paper and the
enhanced privacy protocol in Appendix Il In Appendix I, we also present a hybrid protocol, where
clients select whether to use the communication efficient or enhanced privacy protocol. We include
FedCF extensions concerning differential privacy in Appendix

Note that U,y and L., depend on L9 and U9:9), respectively. Since L9 and U9 are also
computed in a federated manner on the server, we compute them prior to computing the coverage
gap for any particular A Valueﬂ Given that these priors are available on the server, we can compute

the fairness-specific coverage gap. From Theorem [3.1] each client computes and sends two values
B . (9,9);2 (95908 4 . .

for each (g,9) € G x V7T pair: ajm 1 and a’“nk +1+ . Once the server receives these pairs from

each client, it aggregates these quantities to derive Lo, and U,y for each (g, §) and computes the

coverage gap (Equation @) Uty 18 limited to 1 to reconcile Pr[-] < 1 for any event.

Communication Complexity and Privacy Implications. Each client is responsible for sending
messages of size totaling O(2 - |G||Y]) to the server per server round. While this is linear in terms
of the number of (g, §) pairs, we note that with enough \s, the server can learn the distribution of
Pr[s(iclestv 17) <A | FM(wlestv Ytests 95 g) =1, Ek]

4 Experiments

4.1 Setup.

Datasets. We evaluate the FedCF framework on four multi-class datasets: (1, 2) ACSIncome and
ACSEducation [Ding et al., 2021]], (3) Pokec-{n, z} [Takac and Zabovskyl [2012], (4) Fitzpatrick
Groh et al.[[2021]]. Since these datasets were not originally designed for FL, we partition them into
clients. For ACS, we use U.S. state/territory data with six regional schemes, yielding 4 (small), 8
(large), or 51 (all) clients, plus continental-only variants (4, 8, and 48 clients, respectively). For
Pokec-{n, z}, each graph is treated as a client, as they are from distinct partitions of the larger Pokec
social network. Finally, for Fitzpatrick, since there is no natural partitioning scheme, we apply a

2The prior term is computed analogously to the coverage gap.



Dirichlet partitioner [[Yurochkin et al.,2019]] with o = 0.5 to create K € {2, 4, 8} clients. We use a
30/20/25/25 stratified split for the full Dyyain/Dvatid /Deatib/ Drest-

Base Models. For the ACS datasets, we use XGBoost [Chen and Guestrin, [2016]]. For Pokec-n,z,
we use GraphSAGE with GCN aggregation [Hamilton et al., 2017]. For Fitzpatrick, we use ResNet-
18 [He et al.}2016]. GraphSAGE and ResNet are trained with FedAvg [McMahan et al.l 2017], while
XGBoost uses FedXgbBagging from Flower [Beutel et al., [2020].

Baseline. We construct a federated (fairness-agnostic) conformal predictor targeting a coverage
level of 1 — o = 0.9 using FCP with T-Digest. We set v, o (nj + 1). For the non-conformity
score, we use APS [Romano et al.,[2020b] and RAPS [Angelopoulos et al.| [ 2022] for all datasets, and
DAPS [H. Zargarbashi et al., | 2023]], a graph-specific method, for Pokec-{n,z}. Descriptions of the
scores are in Appendix We then assess fairness using A = §(«) for three popular group-fairness
metrics, reformulated in Table [C.T}-Demographic Parity, Equal Opportunity, and Predictive Equality.

Evaluation Metrics: We report two key metrics: (1) efficiency, and (2) worst-case fairness disparity.
The latter captures the largest difference in conditional coverage across groups under the chosen
fairness metric. For example, under Demographic Parity, we report:
max max |Pr|y € Cy(x Tiest € —Prig e Ca(x Tiest € . 14
GEVY Gas05€G ‘ [y )\( test) | test ga:l [y )\( test) | test gb] | ( )
All methods achieve the desired 1 — « coverage since FedCF only ever increases \. Coverage results
are included in Appendix|[] Additional details on datasets and experimental setup are in Appendix [

4.2 Results

In each figure, we use a solid line to represent the average efficiency of the base federated conformal
predictors across different thresholds and a dashed line to represent the corresponding average
worst-case fairness disparity. The bar plot shows the efficiency and worst-case fairness disparity using
FedCF, while the dots indicate the desired fairness disparity. We report the average base performance
for clarity and readability. In all experiments, FedCF meets the fairness disparity bound under the
closeness criterion ¢ (up to minor finite-sample variation), unlike the baseline FCP.

Preserves Key Characteristics of CF. Two important characteristics of the CF framework are
that it is (1) agnostic to the specific non-conformity score function and (2) supports intersectional
fairness. We demonstrate that our FedCF framework preserves these two characteristics via the
Pokec-{n, z} dataset. Pokec-{n, z} each have two sensitive attributes: region and gender. In addition
to considering each attribute individually, we can treat each pair of attributes as distinct and apply
FedCF. Furthermore, Pokec-{n, z} is a graph dataset. Recently, several developments have been
made in graph CP research on non-conformity scores that utilize the graph structure. In addition to
two standard CP methods—APS and RAPS—we also provide results using DAPS. Figure [2{ shows how
the FedCF framework can achieve the desired fairness criterion with minimal cost to efficiency for
different non-conformity scores and when considering multiple groups.

Robust Performance with Different Numbers of Clients. An important trade-off in trustworthy
FL is between predictive utility and maintaining fairness/privacy guarantees for each of its clients,
which is increasingly challenging as the number of clients grows [Wen et al., [2023]]. To demonstrate
how our framework can adapt to the number of clients, we use a Dirichlet partitioner with the
Fitzpatrick dataset to evaluate performance with K € {2, 4,8} clients in addition to a centralized
setup with a single client. In Table[2} as the number of clients increases, the baseline performance
worsens, but the FedCF framework can still control for the necessary closeness criterion. We omit
Equal Opportunity for Fitzpatrick as it is not meaningful in the context of this dataset, which aims to
predict a skin condition with the sensitive attribute being skin type. People with certain skin types are
more likely to develop certain skin conditions, so the true positive rates of a classifier will typically
not equalize, resulting in a degenerate (meaningless) solution.

Efficiency vs Fairness Trade-Off. To make FedCF an actionable framework, it is essential
to understand the utility trade-off when imposing fairness constraints. Using the interval-based
approach to estimate the coverage gap gives a finite-sample guarantee for controlling fairness
gaps. However, sometimes imposing fairness results in a severe cost to utility. For example, a
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Figure 2: Pokec-{n, z} using both sensitive attributes. The top plots present the efficiency results, while the
bottom plots are for the fairness disparities for (a) APS, (b) DAPS, and (c) RAPS. In all cases, FedCF achieves
the desired closeness criteria better than the base federated conformal predictors.

Table 2: Fitzpatrick using RAPS. Each entry is of the form, efficiency/fairness disparity. We bold the lower
fairness disparity value. This table contains the results for K € {1, 2,4, 8} clients. We observe that FedCF
consistently matches or outperforms the base federated conformal predictor with disparity less than c.

(@) c=0.1

1 client 2 clients 4 clients 8 clients

Metric Base Ours Base Ours Base Ours Base Ours

Dem_Parity 2.356/0.151 3.647/0.103 2.565/0.163 4.149/0.153 2.844/0.293 4.684/0.099 3.502/0.166 5.214/0.089
Pred_Eq 2.356/0.111 3.647/0.109 2.543/0.177 4.140/0.177 2.837/0.287 4.564/0.102 3.502/0.171 5.293/0.083

(b)ec=0.15

1 client 2 clients 4 clients 8 clients

Metric Base Ours Base Ours Base Ours Base Ours

Dem_Parity 2.356/0.151 2.356/0.151 2.565/0.163 2.793/0.163 2.837/0.291 3.347/0.114 3.498/0.166 3.859/0.088
Pred_Eq 2.356/0.111 2.356/0.111 2.543/0.177 2.778/0.177 2.844/0.289 3.296/0.144 3.496/0.170 3.867/0.087

(c)ec=0.2

1 client 2 clients 4 clients 8 clients

Metric Base Ours Base Ours Base Ours Base Ours

Dem_Parity 2.356/0.151 2.356/0.151 2.541/0.161 2.541/0.161 2.844/0.293 3.260/0.164 3.500/0.166 3.528/0.146
Pred_Eq 2.356/0.111 2.356/0.111 2.541/0.177 2.541/0.177 2.837/0.287 3.256/0.167 3.501/0.171 3.524/0.150

degenerate conformal predictor (one with near-full efficiency) is “fair,” but completely impracti-
cal for use. By relaxing theoretical guarantees, we can improve efficiency by using tighter es-
timates of the coverage gap, such as MLE point estimates. Figure 3] compares the efficiency
and fairness disparities when using interval bounds vs the MLE estimate on the ACSEducation
dataset. We observe that with the interval bounds, we are always within the closeness crite-
rion, but the efficiencies are quite high. Alternatively, using MLE estimates may exceed the
desired closeness criterion, but be fairer than the baseline and not sacrifice as much efficiency.
If available, using group information at inference time Table 3: ACSEducation (continental small, 4 clients),
is another way to improve efficiency. Table 3| compares RAPS for Demographic Parity Average Efficiency.

the efficiency of FedCF using the classwise Aqpy;(,) versus ¢ Classwise (Group, Class)-wise
using a (group, class)-wise Agp(y,g)- We observe that oL 5006 4791
FedCF can flexibly use available group information, when 015 4823 4.391
available, to improve efficiency, though it can still provide 02 3975 3.613

guarantees even when such information is unavailable.
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Figure 3: ACSEducation (continental all, 48 clients) using RAPS. The left two plots show the
efficiency for (a) using the interval bounds and (b) using the MLE estimate. Similarly, the two
right plots show the fairness disparity (c) using the interval bounds and (d) using the MLE estimate.
We observe that with the MLE estimates, FedCF achieves better efficiency at the cost of a higher
worst-case fairness disparity. Both outperform the baseline in terms of fairness disparity.

5 Discussion

On Data Heterogeneity. In a practical federated setting, the data distribution varies across clients—
resulting in data heterogeneity, which can affect performance at inference time [2023]. To
address these concerns, we evaluate FedCF on varying partitioning schemes. For Fitzpatrick, we use
a probabilistic partitioning scheme to ensure the data is distributed in a particular manner. For the
ACS and Pokec-{n, z} datasets, the partitioning is naturally induced by state and region properties,
resulting in real-world data heterogeneity. Across all partitioning schemes, we show FedCF controls
for the desired closeness criterion, ¢, and adapts to data heterogeneity.

On Data Requirements. A limitation of CP is that, to achieve a desired coverage rate, practically,
you require a large enough calibration dataset so that the interval width for the CP guarantee is tight
enough. This is true in both the CF and FedCF framework as it requires sufficient calibration data
for each group-positive label pair (across the federation for FedCF). For intersectional fairness, the
multiplicative increase in the number of groups further increases the data requirements.

On Framework Extensibility. In this work, we’ve presented the base FedCF framework and
introduced several key axes along which FedCF can be extended. First, enforcing fairness can have
utility (efficiency) costs, and FedCF can be extended to mitigate these costs using tighter MLE
estimates instead of interval bounds or by leveraging group information at test time (Appendix [G)).
Second, the data privacy can be improved in FedCF using the Enhanced Privacy communication
approach in Appendix [[]or by adding statistical noise via Gaussian or Exponential mechanisms for
formal differential privacy guarantees (Appendix [J). Third, we discuss how FedCF can assist with
ML fairness auditing in Appendix [K] thereby closing the ML development loop.

6 Conclusion

In this work, we extended the Conformal Fairness framework to a federated setting, introducing the
novel and comprehensive FedCF framework. We reformulated the CF framework to use a descent-
based approach to make it more efficient for FL applications. Additionally, we developed theoretically
grounded protocols to enable coverage gap calculations in a federated manner. The FedCF framework
offers clients a choice of participation protocols, including communication efficient and enhanced
privacy options. We conducted experiments on various non-conformity scores and datasets—including
graph data, where we leverage the exchangeability assumption from CP.

Limitations. This work assumes the notion of partial exchangeability, similar to FCP, which we
build on top of; however, in real-world settings, this may be violated, for example, in settings where
there is dynamic drift [Jiang et al.| 2021} Ramezani-Kebrya et al., [2023] Zec et al.,[2025]. To redress,
one option we hope to explore is the use of non-exchangeable CP [Tibshirani et al., 2019} Barber]

et al,[2023]] to develop fair and federated solutions [Plassier et all,[2024].

Future Work. We plan to explore using Robust FCP in lieu of FCP and also
apply the FedCF method post-hoc to work under adversarial conditions. We will also explore how
FedCF can be extended to split learning [Gupta and Raskar, [2018]].Unlike FL, which trains full
models locally and aggregates updates, split learning divides the model across clients and server,
sharing only partial computations (enhanced privacy, reduced compute).
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A Impact Statement

This work develops a trustworthy machine learning framework for fair uncertainty quantification
and decision-making in federated settings. Using a principled mixture of clients’ formulations in the
federated, we can provide theoretical bounds and guarantees that translate into both rigorous fairness
evaluation under uncertainty as well as guidance for ML fairness auditing. By accounting for the
privacy constraints of FL, our method is suitable for use and will have positive impacts across several
domains (e.g., finance and healthcare).

B Notation Table

Table B.1: Common notation used in FedCF.

Notation Definition
g The set of all demographic groups.
», )+ The set of labels and positive/advantaged labels, respectively.
gandy The group g € G and positive label § € Y.
Fur Filter function for fairness metric M.
c Closeness criterion for a fairness specification.
A Threshold used for constructing test prediction sets.
K The set of clients, {1,..., K}.
Déf;in / D\(,gi af/ Désl)ib Client £’s train/validation/calibration dataset.
K
ng and N |D£’;l)ib\ and > nyg, respectively.
k=1
S99 and n{9?) {(:cl,yt) e DB | Far(@i,viy 9, 7) = 1} and ‘S,Eg’g)‘
2G5 A 7
ap” Y As(@ng) <A
(mi )7) ES}EQ»@)
E), and The event @ is exchangeable with data from client k and Pr[Ey].
L) yle.9) Bounds for prior (term @).
7(9:9) Point estimate for prior (term @).
Leov, Ucov Bounds for fairness-specific coverage level.
1oy Point estimate for fairness-specific coverage level.

C Conformal Fairness Background

From point predictions to set-based fairness. Let C)(x) = {y € V' : s(x,y) < A} denote the CP
prediction set at score threshold A. CF adapts classical group-fairness metrics by replacing point-
prediction events (i.e., the predicted label equals the advantaged label: § = ¢) with set-membership
events (i.e., the advantaged label is in the prediction set: § € Cy(x)) and evaluating disparities across
groups G and, when appropriate, advantaged labels ))*. For example, a set-based Demographic
Parity-style constraint can be written as, |Pr[§ € Cx(z) |z € go| —Pr[j € Ca(z) |z € g]| < o
Y ga, 95 €G, § € YT with analogous set-based forms for other common group-fairness metrics as
seen in Table

Conditional coverage as the fairness control knob. To evaluate a chosen fairness notion, CF filters
the calibration data to the relevant subpopulation (e.g., a group or a group-and-label slice) via a
filter function, F;, and uses conditional coverage estimates under that filter. (For example, F; for
Equal Opportunity is defined as Fs (@iest, Yrest; 95 Y) := L[Trest € g N Yiest = y].) It then searches a
threshold space A to identify \,p that satisfies the closeness criterion across groups (and labels, if
required) while maintaining CP validity. A key ingredient is that CP coverage holds when labels are
fixed to a particular ¢, which underpins group- and class-conditional control in CF.

Guarantees and trade-offs. CF provides a theoretically grounded and empirically validated pro-
cedure to bound fairness disparities (Equation (5)) without sacrificing CP’s finite-sample coverage
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guarantees. In practice, satisfying stricter fairness requirements (smaller closeness criterion c)
increases the average prediction set size, reflecting the fairness—efficiency trade-off.

Practical advantages. Unlike many conditional-CP methods that require group membership at
inference time or are model-specific, CF’s set-based metrics and thresholding procedure do not
require access to protected attributes at test time and apply to different non-conformity scores and
data modalities, making it compatible with downstream deployment constraints.

Table C.1: Formulations for Conformal Fairness Metrics. Definitions hold Vg, g, € G and Vjj € YT

Metric Definition
Demographic (or Statistical) Parity ’Pr {z} € Cy(x) ‘ x € ga} — Pr {@ € Cx(m) ‘ x € gb” <c
Equal Opportunity )Pr[g € Cy(x) ‘ y=73,x € ga} — Pr[g € Cx(m) ‘ y=73,x € gb” <c
Predictive Equality )Pr[gj € Cy (@) ‘ y#y,x € ga} — Pr[g € Cy () ‘ y#y,xE ng <ec

D CF Optimization Approach

Algorithm D.1 Descent—Base(EpF Optimization

1: function FAIR_OPT_DESCENT(Y, Ao, G, ¢, Fas, num_rounds, 7, 1)
2 Aop(y) < 1

3: bp <0

4 for ¢ = 0 to num_rounds — 1 do

5 g < Cg(AE;))7 F]\/f7 ga g)

6 up — 1 {Cgt <cA )\E;)) < j‘opt;(gj)

7: ifcg, < candt = 0 then

8 return )\

9: else if u; then

10: )\opt;(g]) — )\Etg))

11: end if

12: bt+1 — /th + (Cgt — C)

13: if u; and b1 > O then

14 bi41 <0

15: )‘E;l) ~ Uniform(Xo, Aopt;(7))

16: else B ® ®

17: AN (Aopt;(g) — )\(g))l[bt—i-l > 0] + (A(gj) — /\0)1[bt+1 < O]
. : AX

18: Amax < IMIn (77, m)

19: Di max{ {10g2 (a,:]ax)-‘ , 0}

20: N < min(n - 27, amax)

21: )\E;U — )\E;)) + 1 bega

22: end if

23:  end for
24: return Ay (p)
25: end function

D.1 Existence of a Solution

By construction, our approach guarantees an admissible solution. We begin with the trivial solution
where A is at its maximum (ensuring zero disparity), then use our coverage gap computation to

3We use the term descent-based since we are adaptively searching for a minimal X that satisfies the fairness constraint. The
term descent-based does not imply the use of gradients [Liu et al.| 2020} |Golovin et al.}|[2020].
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verify if a new A satisfies the closeness criterion. To find the minimal satisfying )\, we employ a
descent-based approach. Since the objective is non-convex, we mitigate local minima by performing
random restarts within the admissible set whenever we reach the boundary of the admissible set (i.e.,
the current Aop).

D.2 Convergence Analysis

For simplicity, suppose we remove the random restart step in Algorithm [D.T] We will show that our
algorithm finds and halts at a local minimum if we remove the random restart (Lines [T3HT5). This
would imply that with random restarts, the algorithm can escape and explore other local minima,
(heuristically) improving performance.

Theorem D.1. WLOG, fix some § € VT. Suppose at iteration T, the algorithm finds a valid
(1) 3 (T)

)‘opt;(z?) _)‘017!;(?3)
iteration t > T, the explored threshold )\E;)) < )‘gr)(g) falls into a local valley where cg()\%))) > c
Then, without the random restart mechanism, the algorithm actively bounds the subsequent explored
thresholds by AT

opt;(§)’

upper-bound threshold that satisfies cg( ) < c. Suppose further that at a subsequent

converging asymptotically, and permanently traps itself in the local valley.

Proof. For brevity, we will drop the (¢) subscript and use \; := /\E;)) and \yp; = ;\(()th?(g)'
we are in a region where the constraint is violated, the error term is e; = cg(A:) — ¢ > 0. Per the
update rule, the momentum b;;1 = pb; + e; accumulates this positive error term. Since e; > 0 and
u € (0,1), byy1 will eventually become strictly positive (b;11 > 0). This positive momentum term

indicates that the algorithm intends to step upward to satisfy the coverage gap constraint.

Because

However, in Lines the algorithm performs spatial clipping to prevent overshooting the known
valid bound, enforcing Ay 1 < Ao Let Dy = A, — ¢ be the available distance to the ceiling of
our search space. In Line[T8] we bound the maximum allowable step scale as:

. Dy
Qmax = M1N4 77, m ,
t+1

where € > 0 is a small stability term. To find the precise step scale 7, the algorithm applies a base-2
logarithmic scaling to ensure it is the largest power of 1/2 scaling of the base learning rate that
remains less than or equal to ay,,x. This discretization mathematically guarantees that:

= Qmax < Tt S Amax-

2
The parameter update rule is Ary1 = At + 1:b1. Subtracting both sides from A,,;, we express this
in terms of the distance D;: Dys1 = Dy — mibiyr.

Substituting the lower bound for 7; and the definition of a,,,x, we obtain two cases: (1) amax =7

and (2) amax = ﬁ. In the first case, we get that

Dit1 =Dy —1n- by,
meaning \; — Aop linearly. In the second case, using the lower bound for 7;, we get

1 Dy byt
D <Di— - —— b =Di1— ———— ).
t+1 S Dy 2(bt+1+e> t41 t( 2brsr +6)

Letk =1 — ﬁ Since b;41 > 0 and € > 0, it strictly holds that 0 < x < 1. Therefore,
D1 < kDy. Thus, Ay — Aop at a geometric rate. Thus, without the random restart, in either case,

the algorithm eventually gets stuck at some (local) valley. O

D.3 Empirical Justification of Design Choice

To justify the novel descent-based approach for the federated setting in terms of reducing the
number of communications rounds, we define the discrete search space for the iterative method as
A = linspace(§(a), 2, num_rounds), where §(«) is the minimal lambda to satisfy 1 — « coverage
of standard federated CP, and 2 is the upper bound of the RAPS non-conformity score. Table[D.T]
shows that the iterative (grid-search) approach requires more communication rounds to achieve
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performance comparable to our new descent-based approach. This is because discretizing the space
limits the precision of the A values, so, by using fewer rounds, we find a less precise, and larger
(more conservative) A. This is not a limitation for our descent-based approach, which converges
to a constraint-satisfying \ using our adaptive update rule. The results in Table D.1I|show that the
Iterative approach requires 1000 rounds to achieve sufficient granularity and match the performance
of the Descent-Based approach, which only used 100 rounds. Thus, we demonstrate approximately
10x speedup to achieve comparable performance, justifying the descent-based adaptation for the
federated learning setting.

Table D.1: ACSIncome (small, 4 clients) using RAPS. Each entry is of the form, efficiency/fairness
disparity. We compare the Descent-Based (with 100 communication rounds) and the Iterative
(grid-search) method (with 100 and 1000 communication rounds) across different closeness criteria

(o).

Method c=0.1 c=0.15 c=0.2
(Number of rounds) Eff / Dis Eff / Dis Eff / Dis
Y p P

Descent-Based (100) 3.127/0.096 2.977/0.179 2.816/0.257
Iterative (100) 3.239/0.119 3.137/0.139 2.890/0.213
Iterative (1000) 3.120/0.137 2.989/0.170 2.821/0.251

D.4 Example: Synthetic Adversarial Coverage Gap Landscape

The coverage gap values that we encountered in our experiments demonstrated a piecewise-monotonic
behavior [Milnor and Thurston, 2006, (Guckenheimer, 1979, |Zhu et al.| 2021]], meaning there are a
small, but finite number of turning points (see Figure [D.I). To demonstrate that our algorithm works
in more adversarial settings, we provide an experiment with a synthetic, high-oscillation, coverage
gap function and show that Algorithm [D.T]finds a satisfactory solution (see Figure[D.2).

Label 1: Coverage Gap vs Lambda Label 2: Coverage Gap vs Lambda Label 3: Coverage Gap vs Lambda

e,
LY

© coverage gap values (p=-0.989)
==+ q_hat=0.8573

© coverage gap values (p=-0.954)
i @+ qhat=0.8573

0301 : e

© coverage gap values (p=-0.995)
==+ q_hat=0.8573

N

0144 i

e
S
]

Coverage Gap

Coverage Gap

010 *

“,

%
%

@W%

®

Coverage Gap

e
N
S

o
e
G

L8
w

L
°
hY
L)
%
®

1.0 12

14 16

Lambda

1.0

12

14
Lambda

16

18

2.0

1.0 12 14

Lambda

16 18 2.0

Figure D.1: ACSIncome (small, 4 clients). These plots show how the coverage gap (cg_curr) varies
as we increase A starting from §. As we can see, the relationship is nearly monotonic with |p| > 0.95

for all labels.
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Synthetic Coverage Gap Function Landscape
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Figure D.2: We run Algorithm[D.1} which includes random restarts—the mechanism we use to con-
tinue searching once a new Aqp is found—on a synthetic, jagged function, representing an adversarial
coverage gap function. Specifically, we use ;r = 0.9, 7 = 0.1. Note: we use cg(A) for notational
brevity instead of cg(\, Fiar, 9, G) as Fy, g, and G are implicitly fixed in the synthetic function.
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E Proofs

E.1 Proof of Theorem 3.1]

Recall, since the data is distributed across clients in the federated setting, we reformulated the
fairness-specific coverage level as Equation[I0] In doing so, the computation of the coverage level is
split between the clients and the server. We present bounds and point estimates for each of the terms
in Equation[T0across Lemmas [E.T} [E.2] and [E.3] leading to a proof of Theorem[3.1]

E.1.1 Client-Side Estimates

Since each client operates independently with its own dataset, we can derive interval bounds for terms

@ and @ assuming partial exchangeability. For the point estimates approach, we use maximum
likelihood estimators (MLEs) for each term, providing the tightest estimates assuming partial IID.

Lemma E.1. For each client k, group g, positive label 3, and threshold )\, we get the following
interval bounds:

NCR2I a(y,ﬂ);/\_i_l

oy < Prls(@u, ) < Al Far (@i, i, 9,9) = 1, Bl < 2t (1)

If the data satisfy the partial-1ID assumption, then we can use an MLE point estimate, given by the

following: _ ~ (@3
Pr[s(wteshy) S )\ | FM(wteshyteshgvy) = 1; Ek] = 7];(.;717) (]6)
k

The proof of Lemma [E.T]is as follows:

Proof. We first observe that,
Pr[s(wtesng) <A ‘ FM(xtest; Ytest; 9 37) =1, Ek]
= - Pr [S(Wtestag) <A | FM(wlestvytestvgvg) = 1]7
test ™~ Lk
since exchangeability with the elements in & is true iff @ is sampled from £’s local distribution, Pj.

The interval bounds follow from the conditional coverage guarantees given in CF [Vadlamani et al.,
2025].

For the point estimate, we can model the event that the predicted score s(@¢cst, §) falls below \ as a

Bernoulli random variable with success probability p. We can treat the n,(cg ) calibration points as

individual Bernoulli trials, to then construct a maximum likelihood estimate (MLE) for p, which will
(9,7);x
bep = = O

.0 *
nk:g Yy

LemmalE.T|bounds the fair-conditional coverage for a particular group-label pair for the test covariate
(Trests Yrest)- We next bound the coverage of the test covariate satisfying the Fairness Metric (Fr),
conditioned on the test point being exchangeable with data from client k using Lemma [E.2} and
provide the proof below.

E.1.2 Server-Side Estimates

Terms (i) and @ require a global view of the clients’ data, so they are handled on the server.

For term @, we follow the setup by |Lu et al.|[2023], where given n; = ’Dg:l)ib , Yk = Pr[Eg] «

K
ng + 1and ) ~, = 1. Finally, for term @ we have that
k=1

K
Pr[FM(wtestyytest;gvg) = 1] = Z Pr[FJW(wtesta Ytest 9, g) =1 | Ek] . Pr[Ek}
k=1

Using Lemmal|E.2] we can get an interval-bound and point-estimate as shown in the following lemma.

Lemma E.2. For each client k, group g, and positive label y, we get the following interval bounds:

n(9:9) 7l§cg’g)+1

niﬁ < Pr[Fv (Trest, Yres, 9:9) = 1| By < nn+1 a7
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If the data satisfy the partial-1ID assumption, then we can use an MLE point estimate, given by the

following: ~ (9.8
PT[FM(xzesh Ytests 95 y) =1 | Ek] = };17 (18)

k

Proof. To demonstrate the finite sample guarantee, we note that Fys(x,y, g,4) = 1 for all (x,y) €
pk)

cali
Dg;l)ib U {@wq } is an exchangeable sequence of length nj, + 1. Treating this as a finite ‘bag’ of

covariates, we have

,, are all exchangeable Bernoulli trials. Observe that conditioning on Ej, implies Dcahb(f) =

caliby

o B Z(wi,yi)E’D (k) FM(mivyivgag)
v(m,y)EDcalib(f)7 Pr[FM(m,y7g,y) =1 ‘ Ek} - ng + 1 '
In other words, we have defined the probability of randomly selecting a covariate with
Fy(x,y,9,7) = 1. Since this applies to all points we know,
Z Fhf(miayivgag)
B (@3,y:) €EDearin )
Pr[FJ\I(xlestaytestygay) =1 | Ek] = ;k + 1 . (19)

Since we implicitly condition on Fys(x,y, g,7), V(x,y) € k (effectively making them determinis-
tic), we can calculate the following bounds,

> Fuy (4, 9i,9,9) > Fuy(25,9i,9,9) + 1
(wq‘»yi)EDgf-b (wiayq,)E'D(kl)-}
— < Pr|F y) =1 F,] < callb 20
e+ 1 = r[ M(iBLest,ytesn 9, y) | k] > e + 1 , (20)
where the +1 term comes from the unknown value of Fiys (e, Yrest, g, §). Substituting the sums
with n,(f ) , proves the interval bounds.

For the point estimate, the event that F’y; = 1 can be modeled as a Bernoulli random variable with
success probability p. We can use the full n, calibration points as nj Bernoulli trials to construct an

(9,9)
MLE for p, which will be p = “=— O

ng

Lastly, we use Lemma to bound Pr[Fas(@iest, Yest, 9 §) = 1]. The proof of Lemmauses the
result of Lemmal[E.2]

Lemma E.3. For each client k, group g, and positive label 3, we get the following interval bounds:

) K n(9:9) ~ K n(y,ﬂ)Jrl (9:7)
LY = Z Yk L1 S Pr[FZ\/I(mtest,ytmt7g7y) = 1} S Z Yk l;:,k-‘,-l =U\Y), (21)
k=1 k=1

k
k

If the data satisfy the partial-1ID assumption, then we can use an MLE point estimate, given by the

following: _ K (e _

PrFa (Tiest, Yrests 9, 5) = 1] = 3 e = w99, (22)
k=1

Proof. To achieve this result, we first use the law of total probability to decompose
Pr[Far(@iests Yeest, 9, §) = 1] into terms known by the server and the client:

K

Pr[FM(wtestyytestagag) = 1] = ZPT[FM(wtesta Ytest, 9, 17) =1 ‘ Ek:] : PY[EI@] (23)
k=1

Then, substituting the bounds for term (@) (see Lemma [E.2), and v, = Pr[E}] from term (i) into
Equation 23] we complete the proof. O

On closer inspection, we observe that Terms (D) and (i) can be combined and bound together to provide
a tighter lower bound.
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(9,9)5A

Lemma E.4. Using the definitions of o, and ny, + 1 we have,

Q97 e
nlli + 1 S PI‘ [s(mtesta g) é )\ | FM(wteshytestagvg) = ]-7 Lrest ~ k:|
(9:7);A
~ exc. (6% +1
- Pr |:FM (mtesta Ytests 9 y) =1 | Lrest ™~ k} < . (24)
ng+1

Proof. First, observe that,
Pr[s(wlesh’g) <A ‘ FM(wteslyyleshg»g) =1, Ek] : PT[FM(wtestyytestag7g) =1 | Ek]
= PT[S(thean]) <A, FM(wteshyteshga ?j) =1 | Ek]

Then consider the following Bernoulli random variables (R.V) 1[s(z,y) < A] - Fp (=, y,9,9)
for all (x,y) € kU {(®est, Yiest) } Which form an exchangeable sequence (using the assumption

Ties ~ k). Additionally, observe a(g DA Z(wi vi)Ek 1[s(x,y) < A - Fp(,y, g, 9) is an equiv-

alent definition of a(q’y) The rest of the proof follows from the proof of Lemma [E.2{by using

1[s(x,y) < A - Fu(x,y, g,7) as the Bernoulli R.V instead of Fy,(x,y, g,) and a(q’y) * in place

of n(%ﬂ) O]
P

Having proved the Lemmas, we can move on to proving Theorems[3.1]and [3.4}

Theorem 3.1 (Interval Bounds). The fairness-specific coverage level, 11.,,, given by Equation
can be bounded as Leo,(X, Far, 9,7) < oy < Uor(N, Fary g, 7), where

(9,9):A

K
- (63 ~
Lcov(/\aFMagvy) = Z ( Tk k — and Ucov()\7FIM7gay)

’Yk(Oé;(Cg DA 1)
= (ny, + 1)U D)

(e + DL~ D

k=1

(9,%) (9,9)
o K ny g K U
and L(9:9) = > k=1 ’Vkﬁ and U(9:9) = Zk:l Yk I;u-,+1

Proof. Substituting the bounds for terms (D and (1) via Lemma and @ which were established via
Lemmas E.2|and E.3| respectively, and the definition of (i) into Equation|10{completes the proof. []

Theorem 3.4 (Point (MLE) Estimate). If we assume partial-I1ID, using MLE estimates for each term,

Y
,Yka(y 28)s

we get the following estimate for the fairness-specific coverage level, 11.,, = Zf 1 W'

Proof. Substituting the estimates for terms (@ and (1) via Lemma and @ which were established

via Lemmas and [E.3| respectively, and the definition of (i) into Equation (10 completes the
proof. O

E.2 Sufficient Data Counts

Below, we consider the sufficient number of data points to get a non-degenerate solution (i.e.,

)\opl;y = Amax)-

Theorem 3.2. Given a closeness criterion, c and vy, = z’fé in order to have non-vacuous prediction
. i K i -

sets (i.e., A < Amax), we need N(99) .= Y ope1 n,ig 9) > %for all (g,7) € G x Y.

Proof. Define the interval width for a particular group label pair as,
IW(AaFMagvg) = COV()‘ F]\/fvg ?j)_Lcov()\7FM7g,g) (25)
Z (g 7)5A +1) - a}(fm});A
- Tk (ng +1) L(9:9) (ng + 1)U(9,17)

where U, and L., are from Theorem@ We note that we can achieve non-vacuous bounds for
each§ € YT ifforeach g € G, IW(\, Far, g,4) < cfor some X < A4, Observe that if the interval

(26)
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width is greater than c for all A, then our algorithm cannot find non-vacuous bounds. Also, recall by
definition, L(9%) = N9 and U@% = N9 4+ K Then consider,

K (9,9);2 (9,9);2
- o +1 «
W, Far,g,9) = D v;f(( k ) k ) 27)
1

(ng + 1)L(g7y) (n + 1)U(g7y)

K D) 9,0\
1 Z(( (qy) +1)_Oll(€qy) ) 08)

N + K L(9:9) U(9,9)
_ i gy) A +1) - a,&g’g);A 29)
P N(9:9) N@?) + K
Given K o999 < K p(00) — N(9:9) we have
i K ST)5A i K ST)5A
N(Q)y) — Zk,:l a]E:g J) _ N(g’y) — Zk:l a](cg “/) S 0 (30)
N(9.9) N9 + K -
Thus,

IR )5 ] IR 9,7 )N
@D < f: (‘ngy 7) +1) B agcg 7) N N(g,y)_2§:1 a;gy 7) 7 N(J,y)_zgzl agcy 7) (31)
— A ~N(9.9) NP 1+ K ~N(9.9) NP 1K

k=

(9,9) (9,9)
_ N TK B N~ (32)
N(9:9) NG@D) + K
INGIHK + K2
_ TR . (33)

N f NoDK —

Thus, we have the interval width, and we want to bound it by ¢ as in @ < c. Solving for the
quadratic form and taking the positive root, we arrive at,

K
oo > X (2 —e(N+K)+ /2N + K)? +4) (34)
C

While (34) is a sufficient quantity for the minimal count, a tight overbound of (34) (for more
interpretable bounds) follows as,

%(Q—C(NJFKH c2(N+K)2+4) (35)
g256(2_0(N+K)+\/02(N+K)2+4C(N+K)+4) (36)
25(2—c(J\H-K)+2+c(N+K)) (37)
) (38)
‘ O

F Additional Experiment Details

F.1 Datasets

We present a summary of common dataset statistics in Table [F.T]and go into more details on each
dataset in the following sections. Additionally, the Folktables and Fitzpatrick datasets are licensed
under CC BY 4.0. The Pokec dataset in the SNAP repository is licensed under the BSD license.

F.2 Folktables Datasets

In the fairness space, the American Community Services (ACS) datasets from the Folktables
library are a widely used set of tabular data [Ding et al., |2021]]. The data is taken across the 51 U.S.
states and territories. For our federated setup and each dataset below, we consider the following 6
partitioning schemes:
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Table F.1: Dataset Statistics. T refers to Tabular, G refers to Graph, and V refers to vision.
*ACS datasets have six (6) groups if using the continental split schemes (see Section [F.2)).
" Number of inputs after removing those with unknown group information

Name Type Size # Labeled # Groups # Classes
ACSIncome T 1,664, 500 ALL race(9)” 4
ACSEducation T 1,664,500 ALL race(9)" 6
Fitzpatrick A% 16,012" ALL skin type(6) 9

Name Type (v, 1€D # Labeled # Groups # Classes

Pokec-{n,z} G (133,138, 1,458,258) 17,594 region(2), gender(2) 4

(1.) All: We consider each U.S. state and territory to be its own client

(2.) Large: We follow the Bureau of Economic Analysis’s division of the U.S. into New England,
the Mideast, the Great Lakes, the Plains, the Southeast, the Southwest, the Rocky Mountain,
and the Far West.

(3.) Small: We follow the U.S. Census Bureau’s division of the U.S. into the Northeast, the
Midwest, the South, and the West

(4-6.) Continental All, Continental Large, Continental Small: The same as 1 to 3, but we only
consider the continental U.S.—removing Alaska, Hawaii, and Puerto Rico.

All Folktable datasets have a race attribute. When we partition the data using all the states and
territories, we use the full version of race, which has 9 groups. However, when partitioning just with
continental U.S., we combine some demographic groups—primarily those from Alaska, Hawaii, and
Puerto Rico-into the appropriate ‘Other’ categories, resulting in a total of 6 groups.

ACSIncome: We used the standard ACSIncome dataset from Folktables; however, we divided the
targets into four classes by evenly splitting the income into 4 brackets. The sensitive attribute in this
case is race, resulting in either 9 or 6 groups.

ACSEducation: This is a custom dataset. We used the ACSTravelTime data and selected Education
Level as the target. The education level was divided into 6 groups: {did not complete high school, has
a high school diploma, has a GED, started an undergrad program, completed an undergrad program,
and completed graduate or professional school}. ACSEducation also uses race as a sensitive attribute.

F.3 Non-Tabular Datasets

Pokec-{n,z}: The Pokec-{n, z} dataset [Takac and Zabovskyl 2012] is a social network graph
dataset collected from Pokec, a popular social network in Slovakia. Since several rows in the dataset
are missing features, two commonly used subgraphs are the Pokec-z and Pokec-n datasets. The
graphs have four labels corresponding to the fieldwork and two sensitive attributes: gender (2 groups)
and region (2 groups). Our experiments consider each attribute individually as well as intersectional
fairness by creating an attribute with 4 groups. For our federated setup, we use each subgraph as a
single client, resulting in 2 clients.

Fitzpatrick: The Fitzpatrick dataset [[Groh et al., 2021] contains clinical images classified based
on the depicted skin condition. There are several levels of granularity regarding the skin condition
label. We use a version with 9 skin conditions: {inflammatory, malignant epidermal, genodermatoses,
benign dermal, benign epidermal, malignant melanoma, benign melanocyte, malignant cutaneous
lymphoma, malignant dermal}. There are 6 demographic groups based on the Fitzpatrick skin type.
For our federated setup, we use a Dirichlet partitioner to split the data into K € {2, 4,8} clients.

F.4 Hyperparameters and Implementation
To promote reproducibility, the source code for FedCF is provided in the supplementary material,

along with the configuration files containing the hyperparameters used. All experiments were
conducted on at least three seeds. The error bars were all too small to plot.
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The project was written using the Flower Al Federated Learning framework [Beutel et al., 2020]] for
both base model training and the FedCF framework.

Compute Resources: Model training with the ACS and Pokec datasets was run on 1 A6000 GPU,
and FedCF was run on 8 AMD EPYC 7313 CPUs. For the Fitzpatrick experiments, model training
was done on 1 V100 GPU, and FedCF was run on 8 Dual Intel Xeon 8268 CPUs.

F.5 Non-Conformity Scores

Adaptive Prediction Sets (APS) The most popular CP method for classification problems is
APS [Romano et al.,|2020b||. The scoring function first sorts the softmax logits in descending order
and accumulates the class probabilities until the correct class is included. For tighter prediction sets,
randomization is introduced through a uniform random variable.

Formally, let 7 be a trained classification model with softmaxed output. If fr(:c)(l) > ﬁ(w)(g) >
- > @ (x) (), u~ U(0,1), and r,, is the rank of the correct label, then

Ty

s(x,y) = [Zﬁ(m)(i)] — ut(x),.

i=1

APS has two major drawbacks that have led to it being surpassed by other methods in recent CP
literature. First, APS tends to produce large (less efficient) prediction sets. Second, it does not
account for structure in its formulation. To address these issues, alternatives like RAPS and DAPS
have emergeﬂ

Regularized Adaptive Prediction Sets (RAPS) |Angelopoulos et al.| [2022] introduces a reg-
ularization approach for APS. Given the same setup and notation as APS, define o(x,y) =
H{ce Y :@(x). > (x),}|- Then,

Ty

> ﬁ(ﬂb‘)(i)] —uit(@)y + v - max{(o(z,y) = kreg), 0},

S(ilf, y) =

i=1

where v and k.., > 0 are regularization hyperparameters.

Diffusion Adaptive Prediction Sets (DAPS) Graphs are rich with neighborhood information, with
nodes often exhibiting homophily. This suggests that the non-conformity scores of connected nodes
are likely to be related. To leverage this insight, DAPS H. Zargarbashi et al.|[2023]] incorporates a
one-step diffusion update on the non-conformity scores. Formally, if s(x, y) is a point-wise score
function (e.g., APS), then the diffusion step yields a new score function

$(.0) = (1= 9)s(@0) + T Y sl

where § € [0, 1] is a diffusion hyperparamter and N, is the 1-hop neighborhood of v.

G On Using Group Information

(Group-Classwise)-Formulation A user can alter FedCF to use group information, such that
Aopt € RIVIXI91. Recall from Section [3.2.1 for a given label y the threshold vector is Aqp;(y) € RI9!
and A!9! defined as |G| cartesian products of A, the problem becomes,

min f(A) subjectto cg(A, Far,9,G) —c <0, (39)
AEAIGI

where f is the scalar objective, and we redfine cg as,
Cg(Aa FMv ga g) = ;ng)g({Ucov()\(ga)a FMa YGa,s ?j)} - ;nég{Lcov()\(gb)a FMa 9b, g)} (40)
a b

4RAPS and DAPS have hyperparameters typically tuned on separate held-out data, but we fix them a priori to preserve data
for calibration and evaluation as well as to be consistent with what prior federated conformal prediction works have done.
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to accommodate different thresholds for each group, such that A, corresponds to the threshold for
group g for the fixed label y. For the results presented in Table@ approximately solve problem
[@9) when using f(\) = AT 1-the element-wise sum of the \ vector (this is discussed below in

Section [3.2.1).

We first note that the feasible set for the classwise formulation (Equation (/) is a subset of the feasible
set for the group-classwise formulation in Equation We then further assume f is elementwise
monotone and separable, e.g. f(A) := fg,(Ag,) + -+ + fg,5,(Agq) for gi € G where f,, is a
non-decreasing function(f()\) = AT 1 trivially satisfies this assumption). Under this assumption, we
observe that an optimizer for the classwise formulation will have an objective cost greater than or
equal to the group-classwise formulation. Formally,

Lemma G.1. For a fixed label §, fairness metric F,,, and set of groups G, let )\fpl € R be the

optimizer of the classwise formulation in EquationE]and )\fp, € RICI. Then,

FOG) < TN X)) (41)
~———
14
Proof. By definition, the optimizer of the objective f, )\g,l, must have a smaller objective value than
any other feasible solution, i.e., [)\fpt, ey )\fpt]. O
—_———

gl

opt;(g)
for class g). However, for the class of problems we consider, this is a simplifying assumption that

is often true since )\fpt is increased to cover the worst-case group, g. Thus, we instead solve the
following problem,

Remark G.2. Lemma does not necessarily imply A& < )\(’;‘pt (where )\g)t;( 9 is the threshold

i) e
st cg(\, Far, 5,6) — ¢ <0 (42b)
Ag) S Ay Vg egG. (42¢)

To solve the problem in Equation 42| we first run the FedCF optimization (Algorithm described
in to solve A%, for N rounds (num_rounds in the Algorithm). Following this, we run the Algorithm

opt>
for R iterations, where we admit a new solution as optimal if Ag;rl) < )\EZ)) Vg € G (using the

element-wise montone property of f) and )\ satisfies the coverage gap requirement. While this leads
to local minima, we use random restarts to escape them and find a better solution. By taking the
described approach, we can more efficiently search in a smaller space of A for the first N steps and

then perform M searches in the larger space A!9!. For our implementation, we set N to 50, R to 50,
and recall that f(\) = AT 1.

G.1 Quantifying the Efficiency Improvement

In the following section, we bound the efficiency gap between the classwise and (group, class)-wise
formulation when solving the problem in Equation 2}

Theorem G.3. Let \' € RVl and \& € RWIXIGI be optimizers for the class-wise and (group, class)-
wise formulations of (Fed)CF, respectively. Then let k1.5 represent an unseen covariate, and g(Tes)
map the covariate to its group. Lastly, let J(, (\) = Pr[s(Ziesr, y) < Ag(Ztest) = g] be the CDF
Jfunction of the conditional score distribution and Lipschitz continuous, with Lipschitz constant M, 4
over the interval [N, Anax]—that is for all v, w € [Ao, Apax)s [J(y,9) (V) = Ty, ) (w)| < My gy|lv—w].
Then, the efficiency gap between the two (Fed)CF formulations, Aeg, satisfies,

D < D D My ’(A(Lw — G )| Prlg(@es) = g]- (43)
yeYT geg

Proof. Observe from the analysis of [Maneriker et al.| 2025], the efficiency difference of two
prediction sets is quantified as the difference in likelihood of a non-conformity score being less than
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the threshold for each label. That is,

At = meENX Z (1[3($test>y) < )\(Ly)] — 1[s(Ztest, y) < )\(C;,,g[es‘)]) ) (44)
) yey

where \(; ) is the component for class y in A* and A, is the component for (y, g) in A%. For

notational brevity, let gies := g(Zest). Then,

Acit = | D (Prls(@en v) < ALyl = Prls(aien 1) < AG 6] (45)
yey
= 303" (Prls(ess ) < Ay | gies = 0] = Prls(@iesi v) < AG g | G = 9]) Prlgies = g]| - (46)
yeY geg
= Z Z (Pr[s(xlestvy) < )\<Ly> ‘ Gtest = g] - Pr[s(xtesh y) < )‘(C;’g[esl) ‘ Gtest = g]) Pr[gtest = g] (47)
yeY geg

=D (J(y,g)(,\fy)) - J(y,g)(,\@g))) Pr(grest = 9] (Definition of CDF)  (48)

yeY geg
< Z Z ‘J(y,g)()\(Ly)) - J(yyg)()\g’g))‘ Pr[gest = ¢ (Triangle Inequality) (49)
y€Y geG
< Z Z My.g) ‘()\(Ly) - )\(C;’g))‘ Pr(giest = 9] (Lipschitz Continuity of .Ji, ;)
yeY geg

(50)

Lastly, we note that since A and A are optimizers to their respective (Fed)CF formulation, for all
y¢ VT, )\{‘y) = /\(C;,gm) = \o. Thus, the bound reduces to,
Aer < D> My \(A(Ly) =G )| Prlgies = g] (51)
yeY+ geg
O

H FedCF vs FairFed + FCP

FedCF takes a (black-box) federated machine learning model and applies the ideas from Conformal
Fairness to produce fair federated conformal predictors; however, it is natural to ask whether using an
underlying fair ML model would suffice. We conduct an experiment comparing FedCF vs FCP with
FairFed [Ezzeldin et al., 2023]]. We report the worst-case fairness violations using Fitzpatrick with 8
clients for Demographic Parity. For consistency, we use a Demographic Parity-based weight-scheme
for FairFed and set 8 € {0.5,2.0} in Table where (3 is a parameter that controls the fairness
budget in the weight update. If 8 = 0, then FairFed is equivalent to FedAvg. We observe that using
FCP with FairFed is insufficient to achieve the desired fairness guarantee, demonstrating the utility
and need for FedCF.

Table H.1: Fitzpatrick, 8 clients, RAPS We report the fairness disparity for different ¢ values
and observe that simply using a fair base model is insufficient for controlling the fairness-specific
coverage gap between groups.

c=0.1 c=0.15 c=0.2
FCP FedCF FCP FedCF FCP FedCF

0.5 0.302 0.045 0.302 0.140 0.303 0.197
2.0 0.247 0.024 0.247 0.122 0.247 0.122
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I FedCF with Enhanced Privacy

Preserving data privacy is a fundamental pillar of FL. mechanisms, as they typically interact with
sensitive client data. In this vein, we formulate an enhanced privacy version of FedCF.

L1 Enhanced Privacy

To better preserve privacy (compared to the communication efficient approach), we can offload more
of the computation to the client-side, making it harder for the server-side to reverse-engineer or infer
distributional information from the sent quantities. Expanding Equation[T3] we get

(o (9a,9);A +1) a}(cgb,.ﬂ);k
(ng + 1) L(9a,9) (ng + DU 96:9)

Ucov()H Fur, ga, fg) LLOV()\ Fyrygu, 9 Z Yk { (52)

Returned by the Client

In this formulation, the client sends back the summand for each group, positive label pair except for
9a # gv, making the space complexity of the client’s message O ( |g|2 |V |)—quadratic with respect
to the number of groups and linear with respect to positive labels. Observe that for g, = g5, we
are computing the interval width (Equation [25)) for which we have a tighter overbound from the
left hand side of Equation n which can be computed using the prior terms sent to compute L(9-9)
and U9 This allows us to mitigate reconstruction attacks, which would enable one to recover
a,(Cg +9) if the pairwise gap between g, and g, were sent. While this can lead to an overapproximation
of the coverage gap, the bounds in Equation [35] establish when this estimate is less than c (i.e.,
2K < N(9:9)), thus not hurting our approaches’ formulation to find the smallest valid Aopt;(y) for
each label .

The data privacy improves with this approach compared to the communication efficient version,
since the data sent to the server is the difference of client-level summary statistics, which obfuscates
individual distribution information from the server. However, unlike the communication efficient
approach, the upper-coverage term (U.oy) is not separable from the aggregated sum, thus preventing
us from enforcing U,y < 1. In limited data settings, this results in more conservative coverage gap
estimates, which increases the prediction set size when using the enhanced privacy approach.

Unknown ;. In our work, we take 75 o (ny + 1); however, if 7 is unknown, we can still apply
FedCF using the Enhanced Privacy variant just discussed. This is because we can factor our v, in
Equation [52]and apply the analysis done in [Lu et al|[2023, Appendix B].

Below we provide a side-by-side comparison of the communication efficient and enhanced privacy
algorithms for computing the federated coverage gap on the client side (Figure [LI). A unified
server-side algorithm can be found in Algorithm[[.3]
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Algorithm I.2 Client-Side Computation for Coverage Gap with
Enhanced Privacy

1: function CLIENTCG_PRIVATE(k, A, Fir, 4, G)
2 I =[0)g

3 U = [O]g

4. forge Gdo
5

6

7

Algorithm 1.1 More Communication Efficient Client-Side
Computation for Coverage Gap

1: function CLIENTCG_COMM_EFFICIENT(k, A, if use_mle then

FAll’ v, g[)] global 7(9:9)
2: = |0]g agcg,ﬂ);k
3: ;Lk = [O]ggd lklg] < 7(%.:(9;@))
4: or g € (1] aﬁg,Q PN
5: if use_mle then 8 uklg] )
6 lilg] « ald P 9: else i
’ kL9 T 10: global L(9:9)
9,Y); ~
. X 11: global U9
7 uelg] = =5 IR
Booese e 12 Wldl « Toan ey
9: l}c[g] — (9,9)31
((ng+1)) . oy AL
a}(c;-,@);x+1 13: uk[g] - ((nk+1)AL(9117))
10: uklg] (nrt1) 14 end if
11: end if 15:  end for
12:  end for 16:  pw_cgr = [0]gxg
13:  return Iy, u, Nk i; g} lr”aEl;Wl;e)cgvganegggz
14: end function : as Jb
19: PW_cgklga, g < uklga] — lk[g0]
20:  end for

21: return pw_cgg, nk
22: end function

Figure 1.1: Pseudocode for the two client-side protocols to compute the coverage gap. The
enhanced privacy version (on the right) includes the pairwise computation step, which results in a
larger space complexity compared to the more communication efficient version (on the left). The
global is used to convey that the priors are precomputed and available when needed.
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Algorithm 1.3 Full Server-side Aggregation for Coverage Gap

15:
16:
17:
18:
19:
20:
21:

22:

23:

24:
25:

26:

27:
28:
29:
30:
31:
32:
33:
34
35:

36:
37:
38:

39:
40:

41:
42:
43:

1
2
3
4:
5:
6.
7
8

9:
10:
11:
12:
13:
14:

: function SERVERCG(\g, Fiir, ¥, G, formulations)

n_list = [0]x
I_list = [O]xxg, u_list = [0]xxg // Used for comm. efficient formulations
pw_cg_list = [0k xgxg // Used for private formulations
for client k£ € K in parallel do
if formulations == COMM_EFFICIENT then
Receive (I, uk, nr) = CLIENTCG_COMM_EFFICIENT(k, Ao, Fir, 3, G)
I_list[k] < li, u_list[k] + uk
else
Receive (pw_cgk, ni) = CLIENTCG_PRIVATE(k, Ao, Fr, 9, G)
pw_cg_list[k] < pw_cgk
end if
n_list[k] + ng
end for

// Initialize final coverage variables
N = Zke)(: n_list[k], K = |K|, Ucov = [0]gs Leov = [0]g, PWeov = [0]gxg
all_comm_efficient = all(formulations[k] == COMM_EFFICIENT)
for client k € K do
v = ((n_list[k] + 1) /(N + K))
if all_comm_efficient then
if use_mle then

Ucov += (wk Jm9 'g)) - u_list[k] // Standard operations are element-wise

Leos = (ye/m 990 ) - L tist[K]

else
Ucov += (’yk /L ‘y>) u_list[k] // Standard operations are element-wise
Lcov += (’Yk/U(g’y)) l lZSt[k
end if
else
if formulations[k] == COMM_EFFICIENT then
PWeoy += i - (u_list[k] o l_list[k}T) /I © is pairwise differences between two vectors.
else
PWeoy += Vi * Pw_Cg_lZSt[k]
end if
end if
end for

if all_comm_efficient then
Ucov = element_wise_min (U, [1]g) // Limit upper coverage prior to coverage gap calculation
cov_gap = max Ucov[g] — min Leov[g]
geG geg

else
cov_gap = min { max PWeov[ga, gb), } // Limit Coverage Gap to 1

9as9b€9
end if
return cov_gap

end function
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12 Hybrid

In real-world scenarios, clients often have varying privacy and communication requirements. For
example, clients in resource-constrained areas may not have the network bandwidth to send the
necessary packets to the centralized server. In our proposed hybrid approach, a client may elect to be
communication efficient, without preventing the remaining clients from using the enhanced privacy
protocol. We present the full server-side algorithm, which combines the communication efficient,
enhanced privacy, and hybrid protocols for the federated coverage gap, in Algorithm[[.3]

I.3 Empirical Comparison

We conduct two experiments using the Fitzpatrick dataset and 8 clients, as well as the larger AC-
SIncome dataset with the continental_all partition scheme—48 clients—to test the communication
efficient, enhanced privacy, and hybrid protocols. For the hybrid protocol, we randomly assign half
the clients to each protocol. From Table we observe that all configurations control the fairness
disparity within the closeness criterion; however, if all clients agree upon the communication efficient
protocol, FedCF achieves a better efficiency with a slightly worse fairness disparity, albeit still within
the closeness criterion. Though with more data, we observe that the efficiency gaps are smaller as
seen in Table

With these empirical results, note that under the hybrid setting, clients that optimize for communi-
cation efficiency still benefit from the fact that they can operate over a limited bandwidth network
connection. The required bandwidth for a particular client undergoes a factor of ~ g—‘ reduction—i.e.
O(|G12|Y*) — O(2-|G||YT), when a client selects the communication efficient protocol while
ensuring the remaining clients benefit from the enhanced privacy protocol. For Fitzpatrick, this
results in the communication overhead (in bytes) being reduced by a factor of three. (|G|/2 = 3, for
Fitzpatrick). For the ACS datasets using the small, large, or all client assignments, this reduction
corresponds to |G|/2 = 4.5

Table 1.2: ACSIncome, Continental All, RAPS. Each entry is of the form, efficiency/fairness
disparity. We observe that with sufficient data, each protocol performs at a similar efficiency, and
they all decrease the baseline fairness disparity and control it within the closeness criterion. Our
fairness disparity values are bolded.

(a) Enhanced Privacy

Metric c=0.1 c=20.15 c=0.2

Base Ours Base Ours Base Ours

Dem_Parity 2.609/0.148 3.037/0.086 2.610/0.148 2.634/0.138 2.613/0.148 2.613/0.148
Pred_Eq 2.607/0.160 3.294/0.063 2.610/0.161 2.661/0.138 2.609/0.161 2.609/0.161

(b) Hybrid (50-50)

Metric c=0.1 c=0.15 c=0.2

Base Ours Base Ours Base Ours

Dem_Parity 2.608/0.148 3.039/0.085 2.609/0.148 2.633/0.138 2.596/0.148 2.596/0.148
Pred_Eq 2.606/0.160 3.277/0.079 2.606/0.160 2.657/0.138 2.595/0.161 2.595/0.161

(c) Communication Efficient

Metric c=0.1 c=0.15 c=0.2

Base Ours Base Ours Base Ours

Dem_Parity 2.608/0.148 3.037/0.086 2.611/0.148 2.634/0.138 2.601/0.149 2.601/0.149
Pred_Eq 2.610/0.161 3.300/0.071 2.607/0.160 2.658/0.138 2.609/0.161 2.609/0.161

31



Table I.1: Fitzpatrick, 8 clients, APS. Each entry is of the form, efficiency/fairness disparity. We
bold the lower fairness disparity value for each comparison. We observe that the communication
efficient approach produces the most efficient prediction sets, while having a similar or higher fairness
disparity. The enhanced privacy approach and hybrid approach have similar performance (w.r.t
efficiency and fairness disparity), with minor differences stemming from the stochasticity of FedCF,
as they default to the same coverage-gap aggregation protocol (see Algorithm [[3). All methods
improve upon the baseline fairness disparity and control for the closeness criterion.

(a) Enhanced Privacy

c=0.1 c=0.15 c=0.2
Base Ours Base Ours Base Ours

Dem_Parity 3.671/0.136 7.041/0.047 3.671/0.136 4.978/0.101 3.672/0.136 3.940/0.111
Pred_Eq 3.676/0.134 7.042/0.047 3.675/0.134 4.765/0.094 3.672/0.134 3.880/0.106

Metric

(b) Hybrid (50-50)

Metric c=0.1 c=0.15 c=0.2

Base Ours Base Ours Base Ours

Dem_Parity 3.674/0.136 6.871/0.066 3.670/0.136 4.967/0.103 3.670/0.136 3.939/0.111
Pred_Eq 3.671/0.134 7.041/0.047 3.673/0.134 5.123/0.094 3.671/0.134 3.919/0.107

(¢) Communication Efficient

c=0.1 c=0.15 c=0.2
Base Ours Base Ours Base Ours

Dem_Parity 3.674/0.137 6.053/0.104 3.674/0.136 4.890/0.103 3.672/0.136 3.935/0.111
Pred_Eq 3.671/0.134 6.308/0.109 3.674/0.134 4.931/0.094 3.674/0.134 3.876/0.106

Metric
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J Differential Privacy in FedCF

As both the Communication-Efficient and Enhanced Privacy approaches can be targeted by recon-
struction attacks from a malicious server, we extend FedCF to formally consider (¢, d)-differential
privacy (DP) to maintain robustness under adversarial conditions. DP is a mathematically rigorous
framework for data privacy [Dworkl [2006], where ¢ is the probability that e-DP is violated. We can
embed DP within our framework via client shuffling and additive noise approaches. Client shuffling
is a global DP approach that is performed after the client sends data. Before the server receives the
data, it goes through a trusted, centralized shuffler to anonymize which client has sent what data
[Erlingsson et al.,|2019]. Our framework can accommodate client shuffling due to its parallelism
with client-side computation and its additive aggregation approach.

For additive noise, we propose augmenting the values each client sends back with Gaussian
noise [Dwork et al.,[2014}, | Dong et al.,|2022], such that a client returns,

(9a,P);A (Qb 7)iA

1

G e ) +X, (53)
(ng, + 1)L(ga,y) (nk _|_ 1)U(9b 29)

where X is a Gaussian random variable (R.V). For the communication efficient approach, one would

add a Gaussian R.V. to the upper coverage and lower coverage terms returned by the client. To ensure

(¢,6)-DP, we make X ~ N <O, W), where Ah is the sensitivty of h—or how much h

can change if one of the points in the client’s dataset changes. For FedCF, h can be affected by data
changes in the covariates (or non-conformity scores), labels, and group memberships.

J.1 Example: Differential Privacy Bounds for Enhanced Privacy Protocol

Observe using the enhanced privacy approach, Ah < - (k55 + 57 ) For the communication

efficient approach Ah < é for the components of the upper and lower coverage terms sent by the
client. The server will know each client’s sensitivity and their choice of € and J.

To demonstrate how the server can estimate the coverage gap, we will consider an example using the
enhanced privacy approach. The result from server aggregation is,

cov gap est(\, FM,gaagba )

as§);A A
Z (g o + 1) al(cgh % + X(ga;gb,?j) (54)
(n +1 L(ymy) (ng + 1)U (90:9) k ’

k=

Returned by the Client

where X999~ N(0,025.(g..g0.5) Such that %,
Then observe,

.g0,5) Provides (e, 6)-DP for the client.

Cov_gap_est()\ F]Wa Ga, 9b, g)

(ga,y) A +1) alggb,@);A K ( 5
— LA 3 _ X ‘ga,gb»y 55
Z% nk+1 L(92:9)  (ny + 1)U(96:9) +’;% k (53)
true coverage gap Guassian R.V
K
= COV_gap()\,FM,ga,gb,?]) +X7 X NN<O7ZFYI%O—2/€;(Q<“9M@)> (56)

Using a prespecified probability (S we can accept or reject the statement
cov_gap_est(\, Far, ga, 95, §) < c. In other words, we can check whether,
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COV_gap()\7FAI7ga7gb7g) + X S c = X S Cc— COV—gap()‘7 FM7ga7gb7g)

X C—COV_gap >\ FMaga7gb7

K | K
)y 7kXI£ga,gb,y Z ,ka(ga,gb,u)
k=1

Standard Normal RV

=

Then, if ® | =cV-gP\Far:94.9v:9) | B, where ® is the CDF of the standard normal distribution,
f %Xéga,gb,m
k=1

we can accept the coverage gap as being less than c. In other words, with probability 3, the closeness
criterion is satisfied with .

While using Gaussian noise results in a PAC-style guarantee, one could instead add strictly positive
noise via an exponential mechanism Dwork et al.| [2014], where the noise X ~ exp(5%5;) is selected
to satisfy e-DP, i.e., (¢, 0)-DP. This would result in an overestimate of the actual coverage gap. If the
overestimate satisfies the closeness criterion, then the server would assert that the exact coverage gap
also satisfies the closeness criterion—thus restoring the strict (non-PAC) guarantee in FedCF.

K FedCF for Auditing

Auditing tools are vital for regulatory bodies to ensure ML models comply with fairness and safety
standards [Maneriker et al., 2023]]. In this regard, we present how FedCF can be used to determine
if a federated conformal predictor is fair according to the regulator’s specification of fairness and
closeness criterion, c [U.S. Equal Employment Opportunity Commission, (1979, New York City
Councill 2021}, 2023} |[European Parliament and Council of the European Union, [2024]].

To assess compliance, FedCF can use the global threshold (\) values used by the previously trained
conformal-predictor and provide it to each client. Then, the client should send the sufficient values
calculated via Algorithm[[.T] (or Algorithm[[.2)) to compute the federated coverage gap. The server
would aggregate these values using Algorithm|[.3] If the calculated coverage gap is below c, then the
server can assert that the conformal predictor is fair.

Our auditing approach does not require all clients to provide data for auditing. As discussed in

Section our guarantees hold assuming that the test-point, (s, Yrest) ~ Ele Y1 Py, 1s sampled
from a mixture of client distributions where ~y;, is the probability the test point is sampled from P,
or equivilantly is exchangeable with data from client k. Thus, if a subset of clients used to train the
original federated conformal predictor provides auditing data, then the audit guarantees will hold
assuming that (e, Yrest) are sampled from a mixture consisting of the subset of clients used for
auditing. This result allows clients to independently decide if they would like to submit data for
auditing.

The auditing tool provided by FedCF can also be used to ascertain the marginal fairness with respect
to each client. Using the auditing procedure described above with data from one client, FedCF can
determine if the global, federated conformal predictor maintains fairness with respect to data from
a single client. If the computed coverage gap is less than c, then the fairness guarantees hold with
regard to (Liest, Yrest) ~ Pk, 1-€., the client’s marginal distribution.
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L More Results

Here, we provide additional results for the ACS and Pokec-{n,z} datasets. Recall, in each figure,
we use a solid line to represent the average efficiency of the base federated conformal predictors
across different thresholds and a dashed line to represent the corresponding average worst-case
fairness disparity. The bar plot shows the efficiency and worst-case fairness disparity using FedCF,
while the dots indicate the desired fairness disparity. We report the average base performance for
clarity and readability

L.1 Coverage Results

A key property of FedCF is that it ensures the base coverage guarantee is satisfied by bounding the
threshold search space by FCP’s conformal quantile, §(«) from (3). In every case, FedCF’s coverage
will be greater than or equal to FCP’s coverage.

Table L.1: Various datasets using Demographic Parity. We compare the marginal coverage of the Base (FCP) approach
against FedCF over different closeness criteria (c).

Pokec-{n, z} (DAPS) Fitzpatrick (RAPS) ACSEducation (RAPS)

c 0.1 015 02 01 015 02 0.1 0.15 0.2
Base (FedCP) 0.894 0.894 0.894 0.895 0.895 0.895 0.932 0.932  0.932
FedCF 0.904 0.901 0.894 0.927 0.909 0.896 0.977 0.973  0.952

L.2 Impact of Data Heterogeneity on ACSEducation: US vs Continental US
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Figure L.1: ACSEducation, Small, Interval Bounds. The plots in the top row indicate the efficiency
with the corresponding fairness disparity plots in the bottom row. We observe that when all US states
are included (and Puerto Rico), the closeness criterion is satisfied. However, the efficiency for Equal
Opportunity is high for all closeness criterion values, especially compared to the continental US
version of ACSEducation in Figure[L.2] This result stems from a conservative coverage gap estimate
during calibration due to limited covariate representation for some groups.
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Figure L.2: ACSEducation, Continental Small, Interval Bounds. The top row demonstrates the
efficiency of FedCF when using the continental version of ACSEducation, and its fairness disparity
on the bottom row. Compared to Figure [LI] the efficiencies improved (particularly for Equal

Opportunity using RAPS), due to increased covariate representation for all sensitive groups.
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Figure L.3: ACSEducation, Small, Point Estimates The plots in the top row indicate the efficiency
with the corresponding fairness disparity plots in the bottom row. We observe that using point
estimates will result in a similar or lower efficiency than using the interval bounds approach in Figure
[CT] at the cost of a similar or higher fairness violation. Because the MLE does not provide a finite
sample guarantee, the violation can exceed the desired closeness criterion, but will be lower than the
baseline federated conformal predictor.
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Figure L.4: ACSEducation, Continental Small, Point Estimates. The plots in the top row indicate
the efficiency with the corresponding fairness disparity plots in the bottom row. We observe that using
point estimates will result in a similar or lower efficiency than using the interval bounds approach in
Figure[C2] at the cost of a similar or higher fairness violation. Because the MLE does not provide a
finite sample guarantee, the violation can exceed the desired closeness criterion, but will be lower

than the baseline federated conformal predictor.
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L.3 Impact of different sensitive attributes for Pokec-{n,z}
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Figure L.5: Pokec-{n,z}, gender. For each plot (a) and (b), the top plots are for the efficiency,
and the bottom plots are for the fairness disparity. The baseline disparity is within the closeness
criterion, so we see no changes in efficiency when using FedCF. This is the case when using either
the communication efficient and enhanced privacy protocols.
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Figure L.6: Pokec-{n,z}, region. For each plot (a) and (b), the top plots are for the efficiency, and
the bottom plots are for the fairness disparity. Note that while the baseline disparity is within the
closeness criterion for the test set, the finite-sample guarantee from using the interval bounds ensures
FedCF looks for a better threshold, resulting in a smaller violation with a small cost to efficiency.
This is the case when using either the communication efficient and enhanced privacy protocols.
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Figure L.7: Pokec-{n,z}, region and gender. For each plot (a) and (b), the top plots are for the
efficiency, and the bottom plots are for the fairness disparity. In the case of intersectional fairness,
since there are more groups, the violation will be worse than considering a single sensitive attribute.
We observe that in all cases, FedCF produces a threshold that satisfies the closeness criterion, at a
slight cost to efficiency. This is the case when using either the communication efficient and enhanced
privacy protocols.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We provide the theoretical justification and implementation details in Section
[3]and empirical results in Section[d] Further theory and proofs are available in Appendix
[El and [G] with more results in Appendix [[]

Guidelines:

e The answer [ N/A| means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We have a Limitations paragraph in the conclusion.
Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

 The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

¢ The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

 The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]

Justification: All theorems that are presented in Section [3]have proofs in Appendix [E|and
with assumptions explicilty detailed.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: All details needed to reproduce results are presented in Section[d]and Appendix
[Fl The code used for the experiments is available in the supplemental material.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.
* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The code is provided in the supplementary material, while all datasets are
available publicly (details on procuring data can be found in the code).

Guidelines:

» The answer [N/A] means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]
Justification: This information is provided in Section]and Appendix [F
Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: We ran the experiments with different seeds for random data splitting of the
calibration and test sets, and found the deviations to be too small to be legibly plotted in the
figures.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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8.

10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

¢ For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We include this information in Appendix [F]in Section[F.4]
Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: The research adheres to the code of ethics.

Guidelines:
e The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
o If the authors answer , they should explain the special circumstances that require a

deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We discuss the impacts in Appendix [A]
Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

44


https://neurips.cc/public/EthicsGuidelines

11.

12.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]
Justification: The paper and described methods do not have such risks.
Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We provide citations and licenses for the datasets we used in Appendix
and adhered to their respective licenses.

Guidelines:
* The answer [N/A] means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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13.

14.

15.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [N/A]

Justification: We have not released any assets. Once our code is made public, we will release
it under the Apache-2.0 license.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Justification: N/A
Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
Justification: N/A
Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]
Justification: LLMs were not used during development.
Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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