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Abstract

Concept erasure is a prominent approach to achieving fairness in machine learning
through the removal of sensitive attributes from learned representations. Prior
concept erasure methods typically define debiasing indirectly through the fail-
ure of a chosen adversary, probe, or fairness penalty, which makes the target of
erasure dependent on a particular decoder family or optimization setup. Rather
than depending on a particular architecture, task type, or training paradigm, we
introduce KINDER which directly removes sensitive-attribute information from
intermediate representations with respect to a chosen family of prototype func-
tionals, and is compatible with any deep model containing an intermediate feature
space. KINDER operates in a random Fourier feature space, where it estimates a
sensitive subspace from protected group prototypes and projects representations
onto its orthogonal complement. Thus, it forms an explicit representation cleaning
mechanism distinct from prior fairness control studies. We conduct extensive
experiments across diverse settings and show the effectiveness of KINDER on (i)
supervised and self-supervised settings, (ii) classification, regression, and image
segmentation tasks, and (iii) diverse data modalities, including visual, textual, and
tabular data.

1 Introduction

Extensive prior work in fair representation learning (FRL) has shown effectiveness in promoting
fairness by learning intermediate representations that retain task-relevant information while reducing
dependence on protected attributes [18, 34, 39, 67]. This can be pursued through adversarial invari-
ance, information-theoretic objectives, kernel/ Maximum Mean Discrepancy (MMD) regularization,
disentanglement, and certified downstream fairness guarantees [14, 17, 30, 40, 58]. While a stream
of FRL studies optimize the representations for a specific downstream task [9, 34], numerous FRL
methods learn more general representations that are fair [11, 39, 45, 67]. This distinction is essential
because learned representations are often reused with unknown downstream tasks, prediction heads,
modalities, or deployment settings, where a fairness constraint optimized for one task may not
transfer to another [40, 56, 58]. To achieve this reusable form of FRL, a substantial body of research
focuses on learning representations that exclude sensitive concepts, such as demographic attributes
like gender or race [3, 11, 51]. Such methods are known as concept erasure methods [3, 37] and
typically entail balancing two competing objectives: (i) removing concept-related information from
the representations to ensure they are no longer predictive of the concept after erasure [50, 51], and
(ii) preserving as much information as possible from the original representation space [12, 54, 58, 68].

A prominent family of concept erasure methods rely on projections [3, 46, 49–51, 55, 57], and they
typically aim to identify a subspace associated with the protected concept [49–51] and remove it from
the representation through an explicit projection operator [3, 46, 55, 57] (Fig. 1(a)). However, a key
limitation is that the target of erasure is typically defined indirectly through restricted recovery families,
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Figure 1: Overview of prior projection-based concept erasure and KINDER. (a) Prior methods
identify an erasable subspace indirectly through decoder-specific objectives. (b) KINDER instead
builds protected-group prototypes in a lifted feature space and removes the directions along which
those group prototypes differ. (c–d) After cleaning, the representation should contain less protected-
group information and smaller group-level distribution differences, which is reflected by lower HSIC
and average gap values. Significance tests for these results are reported in Appendix E.2.

such as linear probes or classifiers [3, 49], linear or kernelized adversarial games [50, 51], quadratic
decoders [46], or other selected decoder families, rather than through independence at the level of the
cleaned representation (Observation 1 - O1). A second limitation concerns how the erasable subspace
is identified. Existing projection-based methods typically recover the removable directions indirectly,
through probe-based optimization [49], minmax or adversarial objectives [13, 50, 51], covariance-
based closed forms [3], sufficient or spectral projections [55, 57], or kernel/rate-distortion objectives
[2]. This leaves open whether group-conditioned nuisance structure can instead be estimated directly
from the representation geometry itself, rather than inferred through the selected decoder family used
to test erasure (O2). Moreover, concept erasure methods are often applied as post-hoc transforms on
fixed representations (O3) [3, 49, 50, 55]. However, in supervised settings, once the representation is
projected, the original task head is no longer matched to the cleaned features, and post-hoc projections
can alter the statistical geometry of the feature distribution [27]. This impedes direct comparison to
native end-to-end models and can introduce an additional utility bottleneck [12, 68]. Further, realistic
fairness settings often require simultaneous control of multiple protected attributes [44, 61], including
intersectional or structured subgroup settings where marginal fairness can hide subgroup violations
[14, 19, 31, 63], and imbalanced groups [29]. Yet many concept erasure methods are predominantly
evaluated in single-attribute regimes [3, 49–51, 55], thus calling into question whether they remain
stable and effective when multiple protected attributes are removed simultaneously [57, 66] (O4).

Based on observations O1-O4, we address three main research questions: Research Question 1
(RQ1): Can a projection-based operator estimate erasable group-conditioned structure directly at
the representation level? RQ2: Can projection-based concept erasure be defined at the cleaned-
representation level, rather than through the failure of a selected decoder family? RQ3: Can such
an operator remain useful across post-hoc and end-to-end training, diverse task types, and single,
multiple, intersectional, or imbalanced protected-attribute settings?

To address these gaps, we introduce KINDER (see Fig. 1), a modular projection-based concept
erasure operator that (i) lifts representations into a prototype space, (ii) estimates group-conditioned
nuisance structure from explicit group prototypes, and (iii) removes that structure through an orthog-
onal projection. Unlike prior projection-based methods whose guarantees are tied to linear probes
or minmax games [49, 50], kernelized adversaries [51], closed-form linear or quadratic erasure
[3, 46], sufficient or spectral projections [55, 57], or iterative RKHS functional erasure [1], KINDER
defines erasure directly at the level of the cleaned representation itself. This makes KINDER
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Table 1: Prior methods guarantee erasure only for restricted decoder families. KINDER instead
proves a representation-level guarantee, R ⊥F S, meaning independence up to the degree captured
by the chosen prototype space F. Thus under KINDER, removal works at the level of the cleaned
representation itself. Further, KINDER has been evaluated on a wider set of data, tasks and settings.
Abbreviations: C: classification. R: regression. S: segmentation. Set.: settings. Inter.: intersectional
fairness. E: end-to-end. P: post-hoc. NR: Not Reported. Rep.: Reported. T: Text. Tab: Tabular. V:
Visual.

Method Independence type Erasure target Subspace source Data Task Set. Inter.
INLP [49] f(R) ⊥ S, ∀ linear f Linear probe failure Iterative probes; nullspace T C P NR
RLACE [50] f(R) ⊥ S, ∀ linear f Linear adversary failure Linear minmax subspace T C P NR
KCE [51] f(R) ⊥ S, for some kernel f Kernel adversary failure Kernelized minmax subspace T C P NR
SAL [55] Cov(f(R), g(S)) ≈ 0, for High-covariance directions Covariance SVD projection T C P NR

top spectral linear pairs (f, g)
LEACE [3] f(R) ⊥ S, ∀ linear f Linear classifier failure Covariance projection T C P NR
SUP [57] f(R) ⊥ S for some chosen f Unbiased subspace Sufficient projection T C P NR
QLEACE [46] f(R) ⊥ S, ∀ quadratic f Quad. decoder failure Closed-form quad. erasure T C P NR

KINDER Pop. guarantee (affine model): Prototype-space invariance Prototype SVD projection T C E Rep.
(ours) Theorem: R ⊥F S ⇒ Cor.: Tab R P

f(R) ⊥F S ∀ measurable f V S

decoder-agnostic and model-agnostic, while preserving the explicit and interpretable structure of
projection-based concept erasure.

Our key contributions (KC) are as follows. KC1 (addresses RQ1 and RQ2): We improve projection-
based concept erasure generalizability by moving the target of removal from a restricted decoder
family to the cleaned representation itself. KC2 (addresses RQ2 and RQ3): We introduce a
prototype-space projection mechanism that estimates erasable group-conditioned structure directly
from explicit group prototypes in a nonlinear lifted space and makes it easier to recover the shared
nuisance structure across multiple, intersectional, or unevenly represented groups. KC3 (addresses
RQ3): KINDER supports both end-to-end training and retrofit adaptation within a unified formula-
tion. KC4 (addresses RQ1–RQ2): We provide a population-level theory, summarized in Section 4.5,
showing that KINDER removes group-specific nuisance perturbations in prototype space and reaches
prototype-space independence of the cleaned representation from the protected attributes.

2 Related Work

The simplest setting for concept erasure involves categorical concepts, such as the removal of
demographic biases related to gender or race in text embeddings [2, 5, 11] and can be achieved
by both adversarial training [13, 18, 33, 64] or projection-based methods [2, 5, 13, 20, 49–51, 55].
Post-hoc methods directly modify the learned representations without altering the parameters of the
backbone model [1, 49]. In contrast, fine-tuned approaches require access to the model and enforce
erasure by finetuning its parameters [55]. Earlier projection-based methods typically rely on linear
projection techniques [5, 20, 49, 50] applied in a post-hoc manner, whereas recent work has attempted
to extend them to non-linear settings [2, 13, 51, 55].

Comparative Summary: Table 1 compares KINDER against projection-based concept-erasure
methods with removal guarantees. KCE extends minimax erasure to a selected kernel family
[51]; SAL removes guarded information through spectral covariance directions [55]; LEACE and
QLEACE provide closed-form guarantees for linear and quadratic information [3, 46]; and SUP
removes information through sufficient projection [57]. Thus, within projection-based concept
erasure, existing guarantees are typically tied to restricted decoder families, post-hoc editing regimes,
or limited protected-attribute evaluations. KINDER instead proves a more general, decoder-agnostic
representation-level guarantee.

Kernel and Reproducing kernel Hilbert space (RKHS) tools have also been used for fair representation
learning and prediction debiasing, including fair subspaces [60], MMD-based objectives [17], and
CLIP debiasing [16]. These methods show that kernel machinery is useful for fairness, but focus on
statistical tests/objectives or prediction-level debiasing, whereas KINDER uses RKHS/ Random
Fourier Features (RFF) prototypes to estimate and project out group-conditioned nuisance directions.
Orthogonal to this comparison, recent work studies information-theoretic erasure–utility limits of
perfect concept erasure [12]. KINDER does not bypass these limits, but targets a different limitation
of projection-based erasure, namely, the decoder-family dependence [3, 46].
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Figure 2: The KINDER block. (a) Unimodal use: KINDER is inserted between the encoder
and the downstream network to transform embeddings containing sensitive variation into cleaned
embeddings used by the task loss. (b) Inside the block, the encoder output Z is first lifted into
a prototype space through random Fourier features (RFF); group-conditioned prototypes are then
maintained by exponential moving averages (EMA) using the sensitive attributes, and their dominant
variation is summarized by a singular value decomposition (SVD) to estimate the nuisance subspace
N . The cleaned representation is obtained by projecting onto its orthogonal complement, P⊥ =
I − PN , while the removed component corresponds to the estimated group-associated nuisance
structure. (c) Multimodal use: the same block is applied independently to each modality branch
before fusion, so downstream layers operate on cleaned modality-specific embeddings.

3 Preliminaries and Background
Notation and Problem Setting. Let x ∈ X be an input, fθ an encoder, and z = fθ(x) ∈ Rd its
representation; for two-view or multimodal settings, the same notation is applied to each branch.
Let S ∈ {1, . . . , G} be a discrete sensitive attribute, with s(i) denoting the protected-group label
for sample i. We use mini-batches {(x(i), s(i))}Bi=1, and add y(i) when task supervision is available.
For a batch of features Z ∈ RB×d, we define the centering matrix HB = IB − 1

B11⊤. We define
Zc = HBZ for the column centered version of Z.

Reproducing Kernel Hilbert Space (RKHS). A Hilbert space H is a vector space with an
inner product ⟨·, ·⟩H, which allows geometric notions such as distance and orthogonality to be
defined in possibly infinite-dimensional spaces. An RKHS is a Hilbert space of functions where
evaluation is continuous and satisfies f(x) = ⟨f, k(·, x)⟩H, where k is the reproducing kernel. In
our setting, bounded measurable kernels kZ and kS induce RKHSsHZ andHS , with feature maps
φZ(z) = kZ(·, z) and φS(s) = kS(·, s) for encoder features z and sensitive attributes s. This lifts Z
and S into Hilbert spaces where distributional differences can be expressed through inner products.

4 KINDER: Methodology

Intuitively, our KINDER block removes group-specific nuisance structure in the lifted prototype
space and maps each encoder output to a “cleaned” representation retaining only the shared component
of the representation (see Figure 2 – see Appendix B.1 for the full algorithm). We first introduce
KINDER for a unimodal setting and extend it for a pair of representations (za, zb) (corresponding to
e.g., two views, augmentations, or modalities). KINDER executes three steps:

1. Step 1: Lifting the encoder output into an RKHS space (Section 4.1).

2. Step 2: Prototype Estimation in the RKHS space (Section 4.2).

3. Step 3: Representation projection and cleaning in the RKHS space (Section 4.3).
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In Section 4.5, we provide a theoretical analysis showing that, under the corresponding population-
level structural model, the cleaned representation becomes independent of the protected attribute at
the prototype-space level, which is certified by zero pairwise MMD across groups.

4.1 Step 1: Uplifting the Encoder Features into an RKHS

Kernels on Z and S. On encoder features Z, we use the Gaussian RBF kernel with bandwidth
γ > 0:

kZ(z, z
′) = exp

(
− ∥z−z′∥2

2

2γ2

)
= ⟨φZ(z), φZ(z

′)⟩HZ
, (1)

which is a standard choice because it is universal and characteristic on Rd, allowing the lifted
representation to capture rich geometric differences between group-conditional distributions in the
encoder feature space [42, 59]. On the sensitive attribute, we use the Dirac kernel: kS(s, s′) =
1{s = s′}, where φS(s) = es ∈ RG.

For discrete sensitive attributes, this kernel coincides with the one-hot embedding and makes the
RKHS mean µS =

∑
s πses, with πs = Pr(S = s), and the class conditional means E[φZ(z) |

S = s] directly interpretable as group prototypes [42]. This also makes group-conditioned prototype
statistics directly interpretable in the lifted space, which is the basis for the nuisance-subspace
construction used by KINDER.

Random Fourier features for kZ . We approximate kZ with random Fourier features (RFF) [48].
For bandwidth γ > 0 and RFF dimension M ,

Φrff(Z) =
√

2
M

[
cos(ω⊤

1 Z + b1), . . . , cos(ω
⊤
MZ + bM )

]⊤ ∈ RM , (2)

with ωj
iid∼ N (0, γ−2Id) and bj

iid∼ Unif[0, 2π], where Id is the d× d identity matrix. For notational
simplicity we write Φ for Φrff in what follows. All linear operators used in the KINDER block
implementation (prototypes, projectors, and cleaned features) act in this lifted space RM .

4.2 Step 2: Prototype Estimator of the Sensitive Subspace via SVD

Let X = Φrff(z) ∈ RM denote the lifted encoder feature. Rather than fixing the removable structure
to a single statistic, KINDER estimates group-associated variation through a chosen prototype
family. For an order parameter K, let FK = {ψ(q)

a : q = 1, . . . ,K, a ∈ Aq} be a finite collection
of prototype functionals, where each ψ(q)

a maps lifted features to a vector in RM . For each group s,
order q, and prototype index a, we maintain an EMA prototype

p(q)s,a ← (1− ρ) p(q)s,a + ρ · 1

|Bs|
∑
i∈Bs

ψ(q)
a

(
X(i);µs

)
,

Bs := { i : s(i) = s }.
(3)

Here, ρ ∈ (0, 1] controls the EMA update rate. The argument µs is used for central higher-order
moments; for first-order prototypes it is not needed.

For each prototype statistic, we define its empirical global average p̄(q)a =
∑G

s=1 π̂s p
(q)
s,a, where π̂s

is the empirical group frequency. The order-K nuisance subspace is then defined as the span of all
centered group-prototype differences:

NK := span
{
p(q)s,a − p̄(q)a : s = 1, . . . , G, q = 1, . . . ,K, a ∈ Aq

}
⊂ RM . (4)

To estimate this subspace, KINDER processes the prototype orders sequentially. For each order q,

we form a centered prototype matrix P̃q by stacking the rows
(
p
(q)
s,a − p̄(q)a

)⊤
over all groups s and

prototype indices a ∈ Aq. For the first order, we directly compute the thin SVD of P̃1. For higher
orders, before applying SVD, we remove the directions already selected from lower-order prototypes:

P̃q|<q = P̃q

(
IM −Q<qQ

⊤
<q

)
, (5)
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where Q<q is the orthonormal basis selected from orders 1, . . . , q − 1. We then compute

P̃q|<q = U (q)Σ(q)V (q)⊤ (6)
and add the leading right singular vectors to the nuisance basis. After processing orders 1, . . . ,K, let
Q≤K denote the resulting basis. We define

P
(K)
N = Q≤KQ

⊤
≤K , P

(K)
⊥ = IM − P (K)

N . (7)
Thus, higher-order prototypes add new nuisance directions beyond the lower-order subspace, while
the cleaning operation remains a single orthogonal projection.

Prototype-order instantiations. The simplest instantiation is first-order KINDER. It uses only
the mean prototype ψ(1)(X) = X , µs = E[X | S = s], so that Eq. (4) reduces to

N1 = span{µs − µ̄ : s = 1, . . . , G}.

Higher-order variants address residual nuisance directions through additional prototype functionals
while using the same projection pipeline. Second-order covariance prototypes are further detailed in
Appendix B.4. A feature-level ablation over higher-order prototype families using MOJI dataset is
also provided in Appendix E.1.

4.3 Step 3: Representation Projection and Cleaning

Given a batch of lifted features X = Φrff(Z) ∈ RB×M , we define the cleaned representations as

R(K) = XP
(K)
⊥ ∈ RB×M . (8)

Only R is passed to the remainder of the model (e.g., a projection head, classifier, or regressor). R
denotes a generic cleaned representation random variable with the same distribution as any Rm.

4.4 Training Objective (Loss)

KINDER is loss-agnostic: after cleaning, the representation is passed to the downstream head or
objective without modifying the task loss. For a supervised input x with target y, an encoder fθ first
produces z = fθ(x) ∈ Rd. KINDER then lifts and cleans this feature,

R = KINDER(z, s) = Φrff(z)P
(K)
⊥ ∈ RM ,

and the downstream head hω is trained with the original supervised objective, LKINDER
sup =

Ltask(hω(R), y) . Thus, KINDER can be used with standard classification, regression, or seg-
mentation losses without changing the task objective. For two-view self-supervised settings, the same
block is applied to each view or modality before the contrastive objective; explicit uni-/multimodal
SSL formulations are provided in Appendix B.5.

4.5 Theoretical Analysis

In Section C, we provide rigorous theoretical guarantees for KINDER, using a shared-base affine
structural model. Our theoretical analysis assumes that a generic representation Z is generated by
applying group-specific affine transformations to a latent vector W that is strictly independent of
S (W ⊥ S). Under this model, we identify the canonical affine discrepancy subspace, Naff , which
captures the precise linear directions along which group-specific affine images of the same latent
point diverge. As shown in Theorem C.3, projecting Z onto the orthogonal complement of Naff

yields a cleaned representation R∗ that is strictly independent of S. We prove Naff is the minimal
linear subspace whose removal equalizes all groups, thereby preserving maximum latent information.

KINDER extends this affine intuition into a reproducing kernel Hilbert space (RKHS) via prototype
families. By mapping representations to a Hilbert spaceHF using a prototype map ΨF(Z), KINDER
forms a cleaned representation R by projecting away the subspace NF spanned by the differences
in group prototype means. Theorem C.5 establishes that this projection achieves prototype-level
independence, i.e. the cleaned representation is invariant to the protected attribute under the linear
kernel of the prototype family (R ⊥F S). Further, Corollary C.6 guarantees that if the prototype
functionals are rich enough to identify the relevant group laws in the cleaned representation space,
zero MMD implies full probabilistic independence, R ⊥ S. Complete proofs for all statements,
including the minimality of the discrepancy subspace, are provided in Appendix C.
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Figure 3: Performance-fairness tradeoff plots across classification, segmentation & regression.
Red triangles denote KINDER; blue circles denote baselines and competing post-hoc methods.

5 Experiment settings

Table 2: BIOS & MOJI classification results. WgF1 denotes worst-
group macro-F1, WCTG denotes worst-class TPR gap, and RCTG de-
notes RMS class TPR gap. Arrows indicate whether higher or lower
values are better. First row is the baseline model. Rows prefixed with “+”
apply the corresponding method on top of the baseline backbone. Best
values are in bold, second-best values are underlined for all tables.

Method BIOS MOJI

Acc ↑ F1 ↑ WgF1 ↑ WCTG ↓ RCTG ↓ Acc ↑ F1 ↑ WgF1 ↑ WCTG ↓ RCTG ↓

BERT 80.9 74.4 70.7 47.3 16.2 80.1 74.7 62.1 25.6 17.5
+ INLP 80.7 74.2 70.3 45.5 14.9 79.8 74.7 61.5 25.3 17.9
+ RLACE 79.8 73.1 69.1 46.8 14.8 79.1 73.7 61.0 23.9 16.9
+ LEACE 80.7 74.3 70.5 45.2 14.5 79.9 74.8 61.1 26.3 18.6
+ KCE 79.8 72.5 68.6 49.3 16.5 79.2 73.9 61.4 23.6 16.7
+ SUP 80.8 74.4 71.0 47.4 15.9 79.8 74.6 61.8 23.8 16.8

+ KINDER 81.9 77.3 73.9 41.5 15.2 79.2 77.5 65.3 16.7 14.1

Datasets used: Su-
pervised classification:
Bias in Bios [15] and
Moji [69] (for post-hoc
evaluation), MIMIC-IV
[28], Supervised regres-
sion: Communities and
Crime [41], MIMIC-
IV [28], Supervised
segmentation: FairSeg
[62], SSL classification:
Harvard-FairVLMed [38]
(multimodal). CelebA
[35] (unimodal).

Fairness metrics: For
segmentation, we report
worst-group Dice for overlap fairness [43] and HD95 gap for boundary fairness [6]. For text classifi-
cation, we report worst-group macro-F1 [7], worst-class TPR gap [26, 52], and RMS class TPR gap
[49, 50]. For other classification tasks, we use the aggregated fairness score from [10], averaging
statistical parity, equal accuracy, equalized odds, and equal opportunity. For regression, we report
MAE gap for group error disparity [24]. Further training, dataset, implementation, and details are pro-
vided in Appendix D. Hyperparameters are selected by validation utility (i.e., AUC for classification,
MAE for regression, and Dice for segmentation), rather than fairness or erasure scores. Our goal is to
evaluate how much protected-attribute dependence can be removed while preserving performance.

6 Results

Across Tables 2–7, we evaluate whether KINDER remains effective under dataset imbalance (Ap-
pendix D.1, Table D.8) while preserving utility and improving fairness across single-/multiple-
attribute, intersectional, supervised, and self-supervised settings.
Single attribute classification results. On BIOS and MOJI (Table 2), which evaluate KINDER in
post-hoc settings, KINDER gives the strongest fairness-sensitive classification results. On BIOS,
it improves accuracy and worst-group F1 while reducing the worst-class TPR gap. On MOJI, the
accuracy is slightly lower than the BERT baseline, but F1 worst-group, F1, and class-level disparity
metrics improve by a larger margin.
Intersectional fairness results. A similar pattern appears on MIMIC-IV (Table 3), where we test
the same claim in a setting with multiple protected attributes. The joint KINDER variant gives the
best overall balance across the table. It preserves the baseline accuracy, improves F1, reduces the race
gap, and improves worst-group accuracy. Further multi-attribute ablations of sequential attributes
removal over the baseline methods are provided in Appendix E.3.

In the MIMIC-IV classification results we observe the potential issues that might arise from head
mismatch in post-hoc projection methods. When the native KINDER head is replaced with linear

7



Table 3: MIMIC-IV classification results using TabM. Acc and F1 are performance metrics and the
remaining columns are fairness metrics. Arrows indicate the preferred direction. KINDER (NH) uses
the native end-to-end task head, while KINDER replaces this head with a linear probe as an ablation
comparison with other post-hoc erasure baselines. Post-hoc ablations are reported in Appendix E.3.

Method Acc ↑ F1 ↑ Gender Gap ↓ Race Gap ↓ Age Gap ↓ Inter. Gap ↓ WG Inter. ↑

TabM 91.9 39.9 2.1 23.2 2.5 46.6 65.8
+ INLP 79.5 43.6 1.6 22.1 5.2 53.3 58.3
+ RLACE 78.5 43.0 2.4 20.7 7.1 53.1 58.3
+ LEACE 78.3 42.6 2.3 21.4 6.2 54.4 58.3
+ KCE 80.1 18.0 0.4 46.2 4.1 73.6 35.7
+ KINDER 80.6 44.7 1.2 22.5 7.1 46.6 68.7
+ KINDER (NH) 92.0 45.5 0.7 15.4 3.3 44.8 68.7

Table 5: FairSeg segmentation results on UNet. Dice and HD95 measure performance, Dice
measures overlap and HD95 measures boundary error. D-WG and H-Gap measure fairness, where
D-WG denotes worst-group Dice and H-Gap denotes HD95 gap.

Method Perf. Race Gender Ethnicity Inter.

Dice ↑ HD95 ↓ D-WG ↑ H-Gap ↓ D-WG ↑ H-Gap ↓ D-WG ↑ H-Gap ↓ D-WG ↑ H-Gap ↓
UNet 81.4 6.8 77.4 4.1 81.3 0.7 81.3 1.2 67.5 30.7
+ INLP 82.6 5.5 78.7 3.0 82.6 1.0 82.6 0.1 70.5 20.0
+ RLACE 83.3 5.1 80.0 2.8 83.2 0.3 83.2 0.2 73.1 17.0
+ LEACE 83.5 4.7 80.3 1.2 83.5 0.6 83.4 0.8 76.6 6.0
+ SUP 83.0 5.5 79.1 3.7 83.0 0.8 82.9 1.4 68.7 30.8
+ KCE 83.5 4.5 80.2 1.9 83.3 0.3 83.4 0.5 75.7 6.9

+ KINDER 83.7 4.1 80.4 1.6 83.7 0.1 83.7 0.1 78.2 5.4

probing for comparability with prior erasure baselines, performance drops sharply even though fair-
ness remains competitive. The gap between KINDER (NH) and KINDER suggests that replacing the
original task head can impose a substantial utility bottleneck on some datasets. Similar observations
were made in our sequential attribute removal ablation in Appendix E.3. This is the setting in which
an end-to-end compatible erasure operator is practically advantageous.

Table 4: I-JEPA results on CelebA. Acc. and WG-Inter.
measure utility and worst-group intersectional perfor-
mance, where higher is better; gap metrics measure
protected-attribute disparity, where lower is better.
Method Acc. ↑ Gender Gap ↓ Age Gap ↓ Inter. Gap ↓ WG-Inter. ↑
I-JEPA 91.1 6.6 2.7 11.5 87.7
+ INLP 85.7 3.4 8.5 13.7 82.7
+ LEACE 90.0 6.3 5.8 12.0 86.3
+ RLACE 91.8 6.1 2.6 10.8 88.5
+ KCE 91.8 7.0 2.5 11.4 88.3
+ SUP 91.9 6.0 2.7 11.0 88.5
+ KINDER 92.2 6.3 2.3 11.4 89.4

Segmentation results. On FairSeg (Ta-
ble 5), the setting is different from classi-
fication as fairness improvements cannot
be attributed only to threshold shifts or
changes in class scores and the method
must preserve key spatial information as
well. KINDER improves the overall Dice
and HD95 scores relative to the UNet base-
line, while improving worst-group Dice
and reducing the largest boundary dispar-
ities. The strongest gains appear on the
intersectional metrics, where the baseline
has the largest gap. This supports that
KINDER is not tied to any particular classifier head or task loss.

Regression results. On MIMIC-IV regression (Table 6), KINDER improves ResNet MAE and
marginal worst-group errors, with intersectional worst-group MAE as the main exception. Similar
observations appear for MLP-PLR in the same table. On Communities and Crime (Appendix
Table E.12), KINDER gives the best utility and worst-group error, while remaining close to the
strongest race-gap result. This is important as some post-hoc baselines, especially INLP and LEACE,
reduce the representation aggressively and lose a large amount of predictive information.

Multimodal SSL results. Looking at FairVLMed (Table 7), on FactorCL, KINDER improves
accuracy while reducing all reported gaps and gives the strongest worst-intersectional balanced
accuracy. On CLIP, KINDER gives the best race, gender, and ethnicity gaps, and matches the best
worst-intersectional balanced accuracy. CelebA (Table 4) shows the same unimodal SSL pattern:
KINDER gives the best accuracy, age gap, and worst-intersectional performance, while keeping
gender and intersectional gaps close to the baseline.
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Table 6: MIMIC-IV regression results on ResNet and MLP-PLR. MAE and R2 measure perfor-
mance; worst-group MAE columns measure fairness. Arrows indicate the preferred direction. Best
values are in bold and second-best values are underlined.

Method MAE ↓ R2 ↑ Race WG-MAE ↓ Gender WG-MAE ↓ Age WG-MAE ↓ Inter. WG-MAE ↓
ResNet 2.59 0.15 3.24 2.61 2.78 5.55
+ INLP 2.96 0.00 3.75 3.01 3.28 10.88
+ LEACE 2.77 0.11 3.25 2.79 3.01 5.91
+ RLACE 2.77 0.11 3.27 2.79 3.02 5.93
+ KCE 2.57 0.15 3.23 2.59 2.84 5.10
+ SUP 2.77 0.11 3.29 2.79 3.03 5.90

+ KINDER 2.52 0.13 3.07 2.53 2.72 7.01

MLP-PLR 2.59 0.11 3.35 2.62 2.84 5.65
+ INLP 2.67 0.11 3.45 2.72 2.83 5.87
+ LEACE 2.69 0.09 3.40 2.73 2.83 5.25
+ RLACE 2.68 0.09 3.43 2.71 2.89 5.05
+ KCE 2.67 0.10 3.50 2.70 2.89 5.29
+ SUP 2.68 0.09 3.50 2.72 2.88 5.22

+ KINDER 2.59 0.12 3.30 2.61 2.85 6.83

Table 7: FairVLMed multimodal self-supervised learning results on CLIP and FactorCL. Accuracy
measures performance; gap and worst group intersectional accuracy measures fairness. Arrows
indicate the preferred direction.

Method Acc ↑ Race Gap ↓ Gender Gap ↓ Ethnicity Gap ↓ Inter. Gap ↓ WG-Inter. ↑
FactorCL 60.4 12.8 4.3 15.6 95.8 0.0
+ INLP 60.2 7.9 5.6 10.3 76.0 25.0
+ RLACE 60.0 13.7 4.2 16.9 95.9 0.0
+ LEACE 57.3 4.3 3.7 7.3 84.8 0.0
+ KCE 58.8 9.1 5.8 15.7 93.5 0.0
+ SUP 60.6 12.3 2.3 17.7 95.8 0.0

+ KINDER 61.2 6.9 3.0 12.4 83.7 41.5

CLIP 73.6 6.2 4.0 14.2 80.7 41.9
+ INLP 70.5 12.0 5.4 13.5 74.6 50.0
+ RLACE 73.0 7.4 2.8 16.1 80.7 41.9
+ LEACE 69.3 6.7 6.2 18.0 87.1 0.0
+ KCE 73.4 6.3 4.1 18.9 83.6 44.5
+ SUP 73.4 6.3 3.1 12.8 80.2 44.9

+ KINDER 71.6 5.7 1.6 5.9 79.1 50.0

7 Discussion and Conclusion
RQ 1: Representation-level estimation: We show that in KINDER, a projection-based operator is
able to estimate erasable group-conditioned structure directly at the representation level by estimating
the removable structure from the explicit protected-group prototypes in a lifted prototype space.
RQ 2: Generalizable concept erasure: As a result, KINDER is able to achieve generalizable
concept erasure by moving the target of removal from a restricted decoder family to the cleaned
representation itself. Empirically, KINDER is shown to work across a variety of training paradigms
(i.e. during training and post training) and architectures (BERT, IJEPA, ResNet, UNet, CLIP, etc.).
Theoretically, our analysis shows that KINDER removes the nuisance directions responsible for
protected-group variation and yields independence from the protected attribute at the level identified
by the prototype space. Further, under stronger prototype-exactness conditions, our prototype-level
guarantee recovers probabilistic independence, thus separating the main target of erasure from a
particular decoder family while preserving the explicit structure of projection-based concept erasure.
RQ 3: All round utility across a variety of training paradigms, tasks and settings: KINDER
improves the empirical fairness–utility tradeoff under our utility-first selection protocol [12, 68].
KINDER achieves strong performance across supervised (e.g., MIMIC-IV dataset, Bios & Moji),
self-supervised (e.g., FairVLMed, CelebA), unimodal, and multimodal settings, and consistently
improves both fairness and performance (see Fig. 3) for a variety of tasks even under multiple and
intersectional protected attributes. Our findings support KINDER as an all-round practical and
theoretically grounded approach to generalizable task-agnostic fair representation learning.
Limitations: Our experiments are restricted to datasets that contain sensitive attributes which is the
common setting in fairness analysis. We only focus on KINDER’s moment order functionals and not
other forms of functionals. Future work can extend the analysis on other datasets and new variations
of prototype functionals. We provide an extended discussion of the limitations in Appendix F.
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A More Related Work

Projection-based concept-erasure methods. INLP relies on iterative linear probes and a joint-
nullspace projection for concept erasure [49]. RLACE formulates concept erasure as a linear minimax
game where the concept is removed from the learned subspace [50]. KCE kernelizes the linear
minimax game and provides erasure against a selected kernelized adversary [51]. LEACE is a closed-
form method that prevents all linear classifiers from detecting a concept while changing the embedding
as little as possible [3]. SUP obtains debiased representations by projecting them onto the subspace
orthogonal to a sufficient span [57]. QLEACE extends LEACE by removing quadratically available
information about a concept from a representation [46]. Obliviator targets nonlinear guardedness by
minimizing statistical dependence between learned PLM representations and unwanted attributes [1].
These methods motivate Table 1, where the main distinction is whether erasure is defined through a
restricted decoder/adversary family or directly at the cleaned-representation level.

B Further KINDER Details

B.1 KINDER Algorithm

We present the full algorithm in Algorithm 1.
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Algorithm 1 KINDER for a batch: first-order prototype subspace projection.

Require: Minibatch representations Z ∈ RB×d and protected-group labels s = (s(1), . . . , s(B)),
with s(i) ∈ {1, . . . , G}

Require: RFF feature map Φrff defined in Eq. (2)
Require: Removal rank dN ≤ G− 1, EMA rate ρ ∈ (0, 1]
Require: Prototype-subspace refresh interval Trefresh ∈ N (measured in optimization steps) and

current optimization step tstep ∈ N
Require: Empirical group frequencies (π̂1, . . . , π̂G)
Require: Stored mean prototypes {µs ∈ RM}Gs=1 and prototype basis UN ∈ RM×dN with or-

thonormal columns
Ensure: Cleaned representations R ∈ RB×M

Step 1: RFF lift and projection
1: X← Φrff(Z) ▷ RFF-lifted representations from Eq. (2)
2: P⊥ ← IM −UNU⊤

N ▷ Projector from Eq. (7)
3: R← XP⊥ ▷ Cleaned representations from Eq. (8)

Step 2: Mean-prototype update
4: for each protected group s = 1, . . . , G do
5: Bs ← { i : s(i) = s }
6: if |Bs| > 0 then
7: x̄s ← 1

|Bs|
∑

i∈Bs
Xi,: ▷ Batch group mean used in Eq. (3)

8: µs ← (1− ρ)µs + ρ x̄s ▷ EMA update from Eq. (3)
9: end if

10: end for
Step 3: SVD refresh of the prototype subspace

11: if tstep mod Trefresh = 0 then
12: µ̄←

∑G
s=1 π̂s µs ▷ Global mean for Eq. (4)

13: Form P̃ ∈ RG×M with rows P̃s,: ← (µs − µ̄)⊤ ▷ Top right singular vectors from Eq. (6)

14: UN ← TOPRIGHTSINGVECS(P̃, dN ) ▷ Centered prototype matrix for Eq. (6)
15: end if
16: return R

Optimization step: compute the chosen objective L(R) and backpropagate through the RFF
map Φ and the linear cleaning map X 7→ XP⊥.

B.2 Supervised vs. Semi-supervised Implementation

In supervised settings, the same cleaned representations Rm can be fed h and trained with a standard
loss (e.g., cross-entropy or regression loss) without modifying the KINDER block.

We use a two-stage protocol on semi-supervised settings. In Stage 1 (self-supervised pretraining),
we train on all available samples using either the unimodal objective Luni-ssl

KINDER or the multimodal
objective Lmm-ssl

KINDER, while maintaining prototypes indexed only by s in Eq. (3). In Stage 2 (supervised
fine-tuning), we train a task head on the labeled subset using the supervised objective Lsup

KINDER.
When discrete task labels are available, Stage 2 also admits a label-aware refinement in which
prototypes are indexed by (s, y), i.e., by replacing s(i) with (s(i), y(i)) in Eq. (3). This changes
only the prototypes used to form P⊥ and leaves the training objective unchanged. The resulting
label-aware version conditions the removable nuisance structure on the task labels, reducing the risk
of removing task-relevant variation in supervised classification settings.

B.3 Specific Block Formulation

Unimodal version. For a mini-batch of encoder outputs Z = [z(1), . . . , z(B)]⊤ with labels s =
(s(1), . . . , s(B)), we define the KINDER block operator:

KINDER(Z, s) := Φrff(Z)P⊥

= Φrff(Z)
(
IM − U (N)U (N)⊤). (B.9)
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where U (N) = U
(
{µs}Gs=1

)
denotes the top dN right singular vectors obtained from the SVD in

Eq. (6). The map U is defined as

U : (RM )G → RM×dN

{µs}Gs=1 7−→
[
v
(P )
1 · · · v(P )

dN

]
.

(B.10)

Multimodal version. The KINDER block could also be defined for multimodal methods that
benefit from a pair of views (e.g., contrastive learning methods). For the two-view case, we define
each view as m ∈ {m1,m2}. Now, we can define the multi-view version of KINDER block as

KINDER(Zm1 ,Zm2 , s) :=
(
KINDERm1(Zm1 , s),

KINDERm2
(Zm2

, s)
)
.

(B.11)

B.4 Higher-order prototype instantiations

The main text defines KINDER for a general order-K prototype family and descries how KINDER
works for first order. Here we further the exact second-order case used to motivate higher-order
nuisance removal.

A stronger exact second-order version additionally maintains covariance prototypes

Σs = E
[
(X − µs)(X − µs)

⊤ | S = s
]
, Σ̄ =

G∑
s=1

π̂sΣs.

The corresponding nuisance subspace is

N exact
2 = span{µs − µ̄ : s = 1, . . . , G}+

G∑
s=1

Range(Σs − Σ̄).

Thus, the exact second-order variant removes both location differences and scatter differences across
protected groups in the lifted RFF space. Higher-order prototype functionals can be defined analo-
gously by adding further centered group-conditioned statistics before applying the same orthogonal
projection step. The selection between the orders during training was done based by a grid search
maximizing the validation AUC.

B.5 Two-view self-supervised loss formulations

Let xa and xb denote two views of the same instance, corresponding either to two augmentations of
one modality or to two paired modalities. Let fa and fb be the encoders, producing za = fa(xa) and
zb = fb(xb). For group labels s = (s(1), . . . , s(B)), the KINDER block maps each encoder output
to cleaned lifted representations,

(Ra,Rb) = KINDER(Za,Zb, s), Ra,Rb ∈ RM .

Any two-view contrastive objective can then be applied without modification:

LKINDER
uni-ssl = Lctr(Ra,Rb), LKINDER

mm-ssl = Lctr(Rm1
,Rm2

).

C Detailed Theoretical Results

Let κ be a bounded measurable kernel on the support of a cleaned representation R. For probability
measures P,Q on that space, let µκ

P denote the corresponding kernel mean embedding, and write

MMDκ(P,Q) := ∥µκ
P − µκ

Q∥Hκ .

When κ is characteristic, MMDκ(P,Q) = 0 is equivalent to P = Q [23, 42, 59].

Definition C.1 (Shared-base affine structural model). Take a generic encoder representation Z ∈ Rd,
a discrete protected attribute S ∈ {1, . . . , G} with πg := Pr(S = g) > 0 for every g, and a latent
random vector W ∈ Rd satisfying

W ⊥ S.
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For each group g ∈ {1, . . . , G}, let Ag ∈ Rd×d and bg ∈ Rd, and write

Z = ASW + bS almost surely.

Let
H := span

(
supp(W )

)
⊆ Rd

denote the linear span of the support of W .
Definition C.2 (Canonical affine discrepancy subspace). In the setting of Definition C.1, define

Naff := span
(
{ bg − bh : g, h ∈ {1, . . . , G} } ∪

⋃
g,h∈{1,...,G}

(Ag −Ah)H
)
.

Equivalently,

Naff = span{(Ag −Ah)w + (bg − bh) : g, h ∈ {1, . . . , G}, w ∈ H} .

Let Paff,⊥ : Rd → N⊥
aff denote the orthogonal projector onto N⊥

aff , and define

R⋆ := Paff,⊥Z.

Definition C.2 collects exactly the linear directions along which two group-specific affine images of
the same latent point can differ.
Theorem C.3 (Canonical affine projection theorem). In the setting of Definition C.1, there exists a
measurable map

T : H → N⊥
aff

such that
R⋆ = T (W ) almost surely.

Consequently,
R⋆ ⊥ S.

Moreover, ifM⊆ Rd is a linear subspace satisfying

PM⊥(Agw + bg) = PM⊥(Ahw + bh) for every g, h ∈ {1, . . . , G}, w ∈ H,

then
Naff ⊆M.

Hence Naff is the smallest linear subspace whose removal equalizes all groups under the affine
structural model.

Proof. For every g, h ∈ {1, . . . , G} and w ∈ H,

(Agw + bg)− (Ahw + bh) = (Ag −Ah)w + (bg − bh) ∈ Naff .

Therefore
Paff,⊥(Agw + bg) = Paff,⊥(Ahw + bh).

Fix a reference group g0 ∈ {1, . . . , G}, and define

T (w) := Paff,⊥(Ag0w + bg0), w ∈ H.

The preceding identity shows that this quantity does not depend on the chosen group after projection,
so

Paff,⊥(Agw + bg) = T (w) for every g ∈ {1, . . . , G}, w ∈ H.
Since W ∈ H almost surely and Z = ASW + bS almost surely,

R⋆ = Paff,⊥Z = Paff,⊥(ASW + bS) = T (W ) almost surely.

Because W ⊥ S, it follows that
R⋆ ⊥ S.

For minimality, letM⊆ Rd satisfy the stated equalization property. Then

PM⊥
(
(Ag −Ah)w + (bg − bh)

)
= 0 for every g, h ∈ {1, . . . , G}, w ∈ H,
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hence
(Ag −Ah)w + (bg − bh) ∈M for every g, h, w.

Taking w = 0 gives bg − bh ∈M. Subtracting those vectors then gives

(Ag −Ah)w ∈M for every g, h ∈ {1, . . . , G}, w ∈ H.
ThusM contains all generators of Naff , so

Naff ⊆M.

Theorem C.3 identifies the canonical linear object whose removal makes all groups agree in the affine
structural model. The next definition fixes the prototype space in which KINDER operates.
Definition C.4 (Prototype family and cleaned prototype representation). Fix a prototype family F,
and let

ΨF(z) ∈ HF

denote the corresponding prototype map into a Hilbert space HF. For each group g ∈ {1, . . . , G},
define

µF
g := E[ΨF(Z) | S = g], µ̄F :=

G∑
g=1

πg µ
F
g .

Let
NF := span{µF

g − µ̄F : g = 1, . . . , G},
let P⊥,F denote the orthogonal projector onto N⊥

F , and define

R := P⊥,FΨF(Z).

Write
ℓF(r, r

′) := ⟨r, r′⟩HF

for the linear kernel on the cleaned prototype space. We write

R ⊥F S

when
MMDℓF

(
PR|S=g, PR|S=h

)
= 0 for every g, h ∈ {1, . . . , G},

that is, independence at the level encoded by the prototype family F.
Theorem C.5 (KINDER kernel F-independence theorem). In the setting of Definitions C.1 and C.4,

R ⊥F S.

Equivalently,

MMDℓF

(
PR|S=g, PR|S=h

)
= 0 for every g, h ∈ {1, . . . , G}.

Proof. For each g ∈ {1, . . . , G},

E[R | S = g] = E[P⊥,FΨF(Z) | S = g] = P⊥,Fµ
F
g .

Since µF
g − µ̄F ∈ NF, the projector P⊥,F annihilates this difference, so

P⊥,Fµ
F
g = P⊥,Fµ̄

F for every g ∈ {1, . . . , G}.
Hence

E[R | S = g] = E[R | S = h] for every g, h ∈ {1, . . . , G}.
For the linear kernel ℓF onHF,

MMD2
ℓF

(
PR|S=g, PR|S=h

)
=

∥∥E[R | S = g]− E[R | S = h]
∥∥2
HF
.

The right-hand side is therefore zero for every pair g, h, which gives

MMDℓF

(
PR|S=g, PR|S=h

)
= 0 for every g, h ∈ {1, . . . , G}.

Thus R ⊥F S.
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Theorem C.5 is the prototype-level statement for KINDER. It says that the cleaned group-conditional
laws become indistinguishable by the kernel generated by the chosen prototype family. Full proba-
bilistic independence requires one further identification condition on the cleaned model class.
Corollary C.6 (Exact independence under law-identifying prototypes). In the setting of Theorem C.5,
assume that the prototype functionals in F are rich enough to identify the relevant group laws in
the cleaned representation space. More precisely, let PF be a class of probability laws onHF such
that PR|S=g ∈ PF for every g ∈ {1, . . . , G}, and assume that for any P,Q ∈ PF, equality of all
prototype expectations implies equality of laws:

ER∼P [ψ(R)] = ER∼Q[ψ(R)] for every ψ ∈ F =⇒ P = Q.

Then the cleaned representation is independent of the protected attribute:

R ⊥ S.

Proof. By Theorem C.5, the cleaned representation has zero prototype-space discrepancy across all
protected groups:

MMDℓF

(
PR|S=g, PR|S=h

)
= 0 for all g, h ∈ {1, . . . , G}.

Zero MMD under the induced prototype-space linear kernel ℓF means that the corresponding prototype
mean embeddings are equal. Therefore, for every prototype functional ψ ∈ F,

ER∼PR|S=g
[ψ(R)] = ER∼PR|S=h

[ψ(R)] for all g, h ∈ {1, . . . , G}.

By the law-identifying assumption on F, these equal prototype expectations imply equality of the
actual group-conditional laws:

PR|S=g = PR|S=h for all g, h ∈ {1, . . . , G}.

Since S is discrete, equality of all group-conditional laws implies that the conditional distribution of
R does not depend on S. Hence,

R ⊥ S.

D More on Experimental Settings

D.1 Datasets

Bias for Bios. We use BIOS for occupation classification from free-text biographies. BIOS was in-
troduced to study bias in occupation prediction from semantic representations, and is particularly well
suited for concept-erasure evaluation because the target task is strongly correlated with demographic
cues such as gender. [15]

Moji. We use Moji for binary sentiment classification from tweets. The dataset is designed to study
social bias in language representations by comparing sentiment prediction across dialect groups.
The protected attribute is dialect, distinguishing African-American English from Standard American
English. This setting is useful for evaluating whether a model’s sentiment predictions rely on dialectal
cues rather than task-relevant semantic content. [4]

Harvard-FairVLMed. We use Harvard-FairVLMed for multimodal vision-language learning. The
task is binary glaucoma classification from paired Scanning Laser Ophthalmoscopy fundus images
and de-identified ophthalmology clinical notes. The dataset contains 10,000 image–text pairs with
official training, validation, and test splits. For fairness evaluation, we use race, gender, age group,
and ethnicity as protected attributes. [38]

MIMIC-IV. We use MIMIC-IV for both classification and regression experiments. MIMIC-
IV is a large deidentified electronic health record database collected from Beth Israel Deaconess
Medical Center and contains rich clinical information including demographics, diagnoses, procedures,
laboratory measurements, treatments, and notes. Its breadth makes it a useful benchmark for studying
fairness in realistic clinical prediction settings. [28]
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FairSeg. We evaluate segmentation on FairSeg, a medical-image fairness benchmark built from
10,000 fundus images with pixel-level disc and cup masks and associated demographic attributes.
FairSeg was introduced to support fairness research in medical segmentation, where both predictive
quality and group-level equity are important. [62]

CelebA. We use CelebA for unimodal face-attribute prediction. The task is binary smile classifica-
tion from face images. Images and attribute labels are taken from the original CelebA dataset, using
its standard train/validation/test partition. For fairness evaluation, we use age group and gender as
protected attributes.[35]

Communities and Crime. We use Communities and Crime for tabular regression. This dataset
combines community-level socioeconomic variables, law-enforcement statistics, and crime outcomes
across U.S. communities, making it a standard benchmark for studying regression under sensitive
demographic structure. [41]

Dataset split imbalance. Table D.8 summarizes the imbalance structure of the evaluation splits
under the same protected attributes used in the reported fairness metrics. The table separates marginal
protected-group imbalance from the more difficult label-conditioned or target-conditioned subgroup
imbalance. This distinction is important because several datasets that appear moderate under a single
protected attribute become substantially more skewed after conditioning on the task label or on
protected-attribute intersections. The table should be read as a characterization of the statistical stress
imposed by the benchmark: classification settings test whether errors and true-positive behavior
remain stable across label-conditioned protected groups; segmentation settings test whether spatial
prediction quality remains stable across protected groups and their intersections; and regression
settings test whether prediction error remains stable across groups with different target distributions.

These split properties are closely related to the design of KINDER. Because KINDER estimates
protected-group structure through group prototypes in the representation space, it is intended to
remove demographic variation without tying the erasure operation to a particular prediction head or
task loss. The imbalance summary therefore helps explain why the experiments emphasize not only
marginal protected attributes, but also multi-attribute and intersectional settings. In these regimes,
fairness failures can remain hidden when only aggregate performance or single-attribute summaries
are considered. The empirical results are broadly consistent with this motivation, especially in the text,
MIMIC-IV classification, FairSeg, and FairVLMed settings, where improvements are observed on
fairness metrics that directly depend on class-conditioned, multi-attribute, or intersectional subgroup
behavior. At the same time, the regression results indicate that severe intersectional sparsity remains
a difficult case.

Dataset and asset licenses. All datasets and baseline assets are used according to their original
research-use terms. MIMIC-IV is used under the PhysioNet credentialed-access data use agreement.
CelebA is used under its non-commercial research-use terms. BIOS, Moji, FairSeg, Harvard-
FairVLMed, and Communities and Crime are public research datasets used according to their original
release terms. We do not redistribute any dataset.

D.2 Implementation Details

Software and optimization. Unless specified otherwise by a baseline paper, all models were
implemented in PyTorch. Models were optimized with Adam [32] or AdamW [36], matching the
optimizer used by the corresponding baseline trainer when applicable. Hyperparameters were selected
according to validation task utility, using AUC for classification, MAE for regression, and Dice score
for segmentation.

For all experiments, the main hyperparameter tuned for KINDER was the Gamma parameter,
searched over Γ ∈ {0.1, 0.5, 1.0, 1.5, 2.0, 10, 15, 50}. We also performed a smaller grid search over
the random Fourier feature dimension, mRFF ∈ {128, 256, 512, 1024}. All remaining hyperparame-
ters were kept identical to those of the corresponding baseline model.

Compute resources. All experiments were run on a cluster using a single NVIDIA A100 80GB
GPU per run. Individual training runs usually took up to 3 GPU-hours depending on the task, dataset,
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Table D.8: Dataset split imbalance summary. R denotes the max/min ratio over nonzero groups or
cells. For classification datasets, the final column reports the smallest nonzero label-by-intersectional
protected cell. For segmentation, it reports the smallest intersectional protected group. For regression,
it reports the largest target-mean shift across protected groups or intersections. Non-specific protected
labels such as unknown/other are excluded.

Dataset Task / target N Outcome Smallest group per attribute Worst split imbalance

FairSeg Segmentation
disc/cup mask

9,432 mask target race: Asian, 9.2%, R=8.3×
gender: male, 41.5%, R=1.4×
ethnicity: Hispanic, 3.9%, R=24.4×

Asian × male
× Hispanic
< 0.1%, R=4051.0×

FairVLMed Binary
classification
glaucoma

9,460 positive 50.6% race: Asian, 8.3%, R=9.3×
gender: male, 43.6%, R=1.3×
ethnicity: Hispanic, 4.2%, R=22.8×

positive × Asian
× male × Hispanic
< 0.1%, R=2089.0×

MIMIC-IV
ICU mortal-
ity

Binary
classification
hospital mortality

72,114 positive 10.1% gender: female, 45.0%, R=1.2×
race: NHPI, 0.2%, R=483.3×
age: ≤50, 16.4%, R=5.1×

positive × female
× AIAN ×≤50
< 0.1%, R=24464.0×

MIMIC-IV
ICU LOS

Regression
ICU length
of stay

56,527 median 2.36
IQR 1.55–4.29

gender: female, 44.2%, R=1.3×
race: NHPI, 0.2%, R=524.8×
age: 18–39, 7.9%, R=4.5×

intersectional
target-mean shift
5.8

Bias for Bios Multiclass
classification
profession

396,189 28 classes
class R=84.2×

gender: group 1, 46.1%, R=1.2× profession 23
× group 1
< 0.1%, R=476.6×

Moji 90% Binary
classification
sentiment

100,000 positive 50.0% dialect: protected=0, 50.0%, R=1.0× negative × protected=1
5.0%, R=9.0×

Communities
and Crime

Regression
violent crime
rate

1,994 median 0.15
IQR 0.07–0.33

race: Asian, 4.4%, R=17.9× race target-mean shift
0.392

and backbone. Hyperparameter grid searches required approximately 1–48 GPU-hours depending on
the size of the search space and the task.

Self-supervised learning experiments. For SSL methods, we swept a 3× 3 grid over learning rates
{10−5, 10−4, 10−3} and weight-decay coefficients {10−6.5, 10−5, 10−3.5}. These values correspond
to three log-spaced points spanning the same decade ranges as in prior work [8]. Objective-specific
architectural hyperparameters were fixed to their default values for each loss and architecture. Within
this grid, SSL models were trained for 10 epochs. We used a batch size of 512 for multimodal runs
and 1024 for unimodal runs.

Text classification experiments. For text classification, we used a batch size of 512, a learning rate
of 2× 10−5, a weight decay of 10−2, and early stopping patience of 3. These hyperparameters were
kept fixed across the corresponding baseline and KINDER experiments.

Regression experiments. For regression tasks, we used a batch size of 1024, an evaluation batch
size of 4096, and a maximum training length of 50 epochs. Model selection was performed using
validation MAE, and the same optimization and model-selection protocol was used for both the
baseline and KINDER experiments.

Segmentation experiments. For segmentation tasks, we used a batch size of 64, a learning rate
of 10−3, a weight decay of 10−4, and early stopping patience of 3. These hyperparameters were
kept fixed across all segmentation experiments. Importantly, prior concept-erasure methods were
not directly compatible with segmentation tasks, since they typically require removing or retraining
the higher-level learned weights after the layer to which the erasure method is applied. To adapt
these methods to segmentation, we used the following protocol: first, we trained the baseline model;
second, we applied the concept-erasure method to the encoder; and third, we retrained the decoder on
the cleaned representations while keeping the encoder frozen.

Representation learning backbones. For Harvard-FairVLMed multimodal experiments, we report
CLIP and FactorCL backbones from the FairVLMed/FairCLIP setting [38, 47]. For MIMIC-IV
tabular classification, the backbone is TabM [21]. For tabular regression, we report ResNet [25]
and periodic-embedding MLPs (MLP-PLR) [22] on MIMIC-IV, and MLP-PLR on Communities
and Crime. For Bias in Bios and Moji, we use the BERT Transformer encoder from HuggingFace
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[65]. For FairSeg, we use U-Net [53] following the reported FairSeg benchmark configuration [62].
Protected attributes are used only in fairness evaluation and in the prototype-indexed KINDER
variants.

D.3 Compared Method Details

We compare KINDER-augmented training against standard post-training concept erasure and
projection baselines applied to frozen features before probing. The compared baselines are INLP [49],
RLACE [50], KCE [51], LEACE [3], and SUP [57]. For each method, we follow the implementation
and optimization details reported in the corresponding paper whenever applicable, and tune only
the main erasure-strength hyperparameter used by that method: the projection count for INLP, the
removed dimension for RLACE, the kernel family and kernel bandwidth γ for KCE, the sufficient-
projection dimension q for SUP, and the removed rank for LEACE. All baseline hyperparameters
are selected by validation task utility rather than fairness or erasure scores, using the task-specific
validation criteria described in Appendix D.2. This matches our research question on how much
protected-attribute information can be removed while preserving strong downstream performance.

D.4 Definitions of Metrics Used

Let D = {(xi, yi, ŷi, si)}ni=1 denote the test set, where yi is the ground-truth target, ŷi is the model
prediction, and si ∈ G denotes the protected-group membership. The group variable si may denote
either a single protected attribute or an intersectional group obtained by taking the Cartesian product
of multiple protected attributes. Thus, all group-wise metrics below are computed in the same way
for both marginal and intersectional fairness evaluations.

Let Y denote the ground-truth target, Ŷ the model prediction, and S ∈ G the protected-group variable.
The group variable S can represent either a single protected attribute or an intersectional attribute
formed from multiple protected attributes; all group-wise metrics are computed with respect to the
resulting group set G.

Classification. For non-text classification tasks, we follow prior work [10] and report an aggregate
fairness metrics based on statistical parity, equal opportunity, equalized odds, and equal accuracy. Let

SR(g) = P(Ŷ = 1 | S = g), (D.12)

TPR(g) = P(Ŷ = 1 | Y = 1, S = g), (D.13)

FPR(g) = P(Ŷ = 1 | Y = 0, S = g), (D.14)

Acc(g) = P(Ŷ = Y | S = g). (D.15)

For a group-wise quantity m(g), define its group disparity as

∆G(m) = max
g∈G

m(g)−min
g∈G

m(g). (D.16)

We then compute

SPgap = ∆G(SR), (D.17)
EOppgap = ∆G(TPR), (D.18)

EOddgap = max {∆G(TPR),∆G(FPR)} , (D.19)
EAccgap = ∆G(Acc). (D.20)

The aggregate fairness gap is

FairGap =
1

4

(
SPgap + EOppgap + EOddgap + EAccgap

)
. (D.21)

Lower values indicate smaller group disparity. When reporting worst-group performance, we use

WGA = min
g∈G

Acc(g), (D.22)

where higher values indicate better worst-group utility.
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Text classification. For text classification benchmarks, we follow the text fairness literature and
report worst-group macro-F1 [7], worst-class TPR gap [26, 52], and RMS class TPR gap [49, 50].
These metrics are used because text benchmarks such as occupation and sentiment classification are
commonly evaluated through class-wise group disparities rather than only aggregate binary fairness
gaps.

Let C be the label set. For each group g and class c, let F1g,c denote the F1 score restricted to samples
from group g and class c. The group macro-F1 is

MacroF1(g) =
1

|C|
∑
c∈C

F1g,c. (D.23)

Worst-group macro-F1 is
WgF1 = min

g∈G
MacroF1(g). (D.24)

Higher values indicate better worst-group text classification performance.

For class-wise group recall disparity, define

TPRg,c = P(Ŷ = c | Y = c, S = g). (D.25)

The TPR gap for class c is

TPRGapc = max
g∈G

TPRg,c −min
g∈G

TPRg,c. (D.26)

The worst-class TPR gap is
WCTG = max

c∈C
TPRGapc. (D.27)

The RMS class TPR gap is

RCTG =

√
1

|C|
∑
c∈C

(TPRGapc)
2
. (D.28)

Lower WCTG and RCTG indicate smaller class-wise group disparity.

Regression. For regression, we report mean absolute error (MAE) as the main utility metric and
MAE gap for group error disparity [24]. The overall MAE is

MAE = E
[
|Y − Ŷ |

]
. (D.29)

The group-specific MAE is
MAE(g) = E

[
|Y − Ŷ | | S = g

]
. (D.30)

Worst-group MAE and MAE gap are defined as

WG-MAE = max
g∈G

MAE(g), (D.31)

MAEgap = max
g∈G

MAE(g)−min
g∈G

MAE(g). (D.32)

Lower values indicate smaller prediction error and smaller group error disparity. We also report R2

as a regression utility metric:

R2 = 1−
∑

i(yi − ŷi)2∑
i(yi − ȳ)2

. (D.33)

Segmentation. For segmentation, we report Dice and HD95 as utility metrics. Dice measures
region overlap between the predicted and ground-truth masks, while HD95 measures boundary error
using the 95th-percentile Hausdorff distance. We additionally report worst-group Dice for overlap
fairness [43] and HD95 gap for boundary fairness [6].

Let P denote the predicted segmentation mask and T the ground-truth mask. The Dice score is

Dice(P, T ) =
2|P ∩ T |
|P |+ |T |

. (D.34)
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Table E.9: Feature-level KINDER order ablation on MOJI using BERT. The RFF representation
Φ(z) is used as the pre-projection reference. Higher prototype orders add residual nuisance directions
beyond the lower-order subspace. Projection shift is ∥R− Φ(z)∥F /∥Φ(z)∥F .

Representation Projection Shift RBF-HSIC(R, S) ↓ Mean Gap ↓ Cov. Gap ↓ 3rd-Moment Gap ↓ Removed Rank

Raw encoder z – – 1.164 1.457 1.793 0
Raw RFF Φ(z) 0.000 1.000 1.000 1.000 1.000 0
KINDER-order 1 0.155 0.975 0.998 0.980 0.931 1
KINDER-order 2 0.362 0.687 0.679 0.279 0.263 3
KINDER-order 3 0.540 0.433 0.563 0.124 0.065 4

For each group g, let Dice(g) denote the average Dice score over samples with S = g. Worst-group
Dice is

WG-Dice = min
g∈G

Dice(g). (D.35)

Higher values indicate better worst-group overlap quality.

For HD95, let ∂P and ∂T denote the boundaries of the predicted and ground-truth masks. For point
sets A and B, define the directed 95th-percentile boundary distance as

h95(A,B) = Q0.95

({
min
b∈B
∥a− b∥2 : a ∈ A

})
, (D.36)

where Q0.95 denotes the 95th percentile. The symmetric HD95 is

HD95(P, T ) = max {h95(∂P, ∂T ), h95(∂T, ∂P )} . (D.37)

For each group g, let HD95(g) denote the average HD95 over samples with S = g. The HD95 gap is

HD95gap = max
g∈G

HD95(g)−min
g∈G

HD95(g). (D.38)

Lower HD95 and lower HD95 gap indicate better boundary quality and smaller boundary disparity.

E Additional Results

E.1 Prototype-order ablation

This ablation studies how the order of the prototype family affects feature-level sensitive-attribute
removal on MOJI. The raw RFF representation is used as the reference, and higher-order KINDER
variants add residual nuisance directions beyond the lower-order prototype subspace. As shown in
Table E.9, first-order prototypes induce only a small projection shift but mostly remove mean-level
variation. Second- and third-order prototypes remove substantially more dependence, reducing HSIC
as well as covariance and third-moment gaps, at the cost of larger representation shifts and higher
removed rank. This supports the use of prototype order as a controllable erasure-strength parameter.

E.2 Feature-level bootstrap significance tests

To assess whether the feature-level differences in Fig. 2(c–d) are significant, we performed paired
bootstrap tests for KINDER vs the reported baselines on Moji dataset in Table E.10. For each
bootstrap sample, we recompute the normalized RBF-HSIC and average moment-gap metrics. The
improvement is defined as the baseline value minus the KINDER value, so positive values favor
KINDER. We report one-sided bootstrap p-values for positive improvement and Benjamini–Hochberg
corrected q-values across the tested comparisons. We observe that KINDER’s shown improvements
in Fig. 2(c–d) are mostly significant, with the exception of KINDER vs KCE average gaps where
despite the 95% CI being largely positive, it still holds zero inside it.

E.3 Sequential MIMIC-IV classification ablation

Table E.11 reports a sequential single-attribute removal ablation for MIMIC-IV classification. In
the main experiment, Table 3, KINDER removes the joint protected-attribute structure directly.
Here, we instead apply each erasure method repeatedly, removing one protected attribute at a time
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Table E.10: Paired bootstrap tests for the two feature-level summary metrics used in Fig. 2(c–d).
Lower values are better. Improvement is baseline minus KINDER, so positive values favor KINDER.

Baseline Metric Baseline value KINDER value Improvement 95% CI p one-sided q BH Signif.

SUP RBF-HSIC 0.89 0.46 0.43 [0.33, 0.70] 0.003 0.005 **
SUP Average gap 0.96 0.27 0.69 [0.64, 0.80] 0.003 0.005 **
INLP RBF-HSIC 0.56 0.46 0.09 [0.05, 0.46] 0.010 0.013 *
INLP Average gap 0.89 0.27 0.62 [0.56, 0.75] 0.003 0.005 **
RLACE RBF-HSIC 1.01 0.46 0.55 [0.42, 0.77] 0.003 0.005 **
RLACE Average gap 0.96 0.27 0.69 [0.63, 0.79] 0.003 0.005 **
KCE RBF-HSIC 1.10 0.46 0.64 [0.50, 0.85] 0.003 0.005 **
KCE Average gap 0.30 0.27 0.03 [-0.03, 0.13] 0.113 0.123

Table E.11: Sequential post-hoc MIMIC-IV classification ablation using ResNet. Higher is better
for accuracy, F1, and worst-group accuracy; lower is better for gap measures. Best values in bold and
second-best values are underlined.

Method Acc ↑ F1 ↑ Gender Gap ↓ Race Gap ↓ Age Gap ↓ Inter. Gap ↓ WorstGroupAcc ↑

ResNet 0.92 0.40 0.02 0.23 0.03 0.47 0.66

+ INLP-seq 0.78 0.43 0.02 0.22 0.06 0.53 0.57
+ RLACE-seq 0.78 0.43 0.03 0.23 0.07 0.53 0.58
+ LEACE-seq 0.81 0.44 0.01 0.25 0.05 0.73 0.38
+ KCE-seq 0.80 0.20 0.02 0.19 0.04 0.76 0.00
+ KINDER-seq 0.79 0.43 0.02 0.16 0.08 0.46 0.50
+ KINDER-seq (NH) 0.92 0.46 0.01 0.31 0.03 0.44 0.69

in sequence, and then evaluate the final representation using the same marginal and intersectional
fairness metrics. This tests whether methods originally designed around a single protected attribute
remain stable when extended to multiple protected attributes through repeated erasure. The results
show that repeated post-hoc removal can reduce some marginal gaps, but often introduces large
utility loss or unstable intersectional behavior. In contrast, KINDER-seq preserves the baseline
accuracy, gives the best F1 and worst-group accuracy, and obtains the lowest intersectional gap. The
KINDER-seq vs KINDER-seq (NH) variants further shows the head-mismatch effect. Replacing
the native task head with a linear probe improves some gap values but substantially reduces utility.

E.4 Communities and Crime Dataset

Table E.12 reports the Communities and Crime regression results using MLP-PLR. This dataset
tests whether concept erasure remains useful in a low-dimensional tabular regression setting where
protected-group structure is tied to community-level socioeconomic variables. KINDER achieves
the best overall utility, with the lowest MAE and highest R2, and also gives the best race worst-
group error. SUP and RLACE obtain slightly lower race-gap values, but KINDER remains close
while preserving stronger predictive performance. This result is consistent with the main regression
findings. Aggressive post-hoc removal can reduce some fairness gaps, but often loses substantial task
information, while KINDER gives a stronger utility-preserving tradeoff.

F Limitations

KINDER assumes access to protected-attribute labels during training or post-hoc prototype esti-
mation, which is standard in fairness evaluation but may not hold in all deployment settings. Its
effectiveness also depends on the chosen prototype functionals and RFF approximation. Richer
prototypes can capture more group-conditioned structure, but may increase computation and remove
more task-relevant variation if the protected attributes are strongly entangled with the target. In
addition, while our theory gives prototype-space independence, the full probabilistic independence
requires the much stronger condition that the prototype family is defined in a way that identifies the
relevant group laws. Future work should explore additional prototype families, settings with missing
or noisy sensitive attributes, and larger-scale evaluations under severe intersectional sparsity.
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Table E.12: Communities and Crime regression results using MLP-PLR. Lower is better for
MAE, worst-group MAE, and MAE gap; higher is better for R2. Best values in bold and second-best
values are underlined.

Method MAE ↓ R2 ↑ Race WG ↓ Race Gap ↓
MLP-PLR 0.093 63.8 0.154 0.090
+ INLP 0.148 18.2 0.288 0.164
+ LEACE 0.157 11.7 0.359 0.225
+ RLACE 0.094 63.8 0.152 0.071
+ KCE 0.096 60.2 0.190 0.113
+ SUP 0.094 63.8 0.149 0.070

+ KINDER 0.092 65.3 0.145 0.079

G Impact Statement

Our work explicitly recognises that ML models can cause negative societal impacts if not addressed.
Thus, we present a method, KINDER to promote fairer machine learning (ML) methods that can be
fully generalizable across a range of tasks, data types and training settings. By developing KINDER,
we aim to reduce the ML model performance gaps across different demographic groups at both the
group and intersectional level, thus generating a positive societal impact. We further acknowledge
that the sensitive attributes may not capture all dimensions of identities and future work should take
these into consideration.
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NeurIPS 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: The abstract and introduction stated four contributions. Our first key contribu-
tion is outlined in Section 4.3, our second contribution is outlined in Section 4.2, 4.3. The
claim that KINDER is generalizable and works across diverse settings, tasks and modalities
in Section 6.

Guidelines:

• 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 [No] 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: Discussion and Conclusion Section (Section 7) has a dedicated coverage of
the limitations of our work which we further expand on in Appendix F.

Guidelines:

• The answer [N/A] means that the paper has no limitation while the answer [No] 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
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
Justification: The theoretical discussions in the paper list the assumptions made.
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 experimental details are included. Furthermore, an anonymized zip file
with reproduction codes is provided in the supplementary material.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] 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.
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5. Open access to data and code
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: All datasets used are publicly available. The code that can be used to reproduce
our results are shared inside an anonymized zip provided in the supplementary material.

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 [No] 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 URLs 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: All the training setup are included inside the appendix.

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: [Yes]

Justification: Significant test results are included inside the appendix.

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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• 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.

8. 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: Details are included inside the appendix.

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).

9. 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 conducted in this paper conforms with the NeurIPS Code of
Ethics.

Guidelines:

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

• If the authors answer [No], 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).

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

Answer: [Yes]

Justification: A dedicated impact section has been included under Section G.

Guidelines:

• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] or [No], they should explain why their work has no societal

impact or why the paper does not address societal impact.
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• 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).

11. 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: We do not release data or generative models.

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.

12. 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: All datasets used are publicly available for research purposes. All datasets and
baseline models have been cited properly.

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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• 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.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: We are releasing a detailed Readme file accompanying the code and trained
models released with our paper.
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.

14. 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: Not applicable.
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.

15. 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: Not Applicable.
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.

34

paperswithcode.com/datasets


• 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: We have used an LLM only for paraphrasing text to improve the overall clarity.
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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