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Supplementary Material for Obliviator

This supplementary material provides additional details to support the main paper. It includes
mathematical proofs, implementation specifics, ablation studies, and additional results to further
illustrate and validate the effectiveness of Obliviator. The contents are organized as follows:

¢ Mathematical Proofs. (§A)

Cross-Covariance Operator ( §A.1)

Hilbert-Schmidt Operators (§A.2)

Empirical Estimation of the Objective (§A.3)
Finite-Dimensional Feature Map (§A.4)

— RKHS Encoders for Feature-Space Alignment (§A.5)

* Implementation Details. (§B)

— Obliviator’s Training Procedure (§B.1)
— Datasets (§B.2)
— Experimental Setup (§B.3)
* Probing Networks. (§C)
— Our Choice of Probing Networks (§C.1)
— Ablation Studies with Different Probing Networks. (§C.2)
— Statistical Significance of the Obtained Trade-off (§C.3)
Additional Results. (§D)

— Single Step Erasure Vs Multi-Step Erasure (§D.1)
— Hyperparameter Sensitivity (§D.2)
— Visualization (§D.3)

* Societal Impact (§E)

A Mathematical Proofs

A.1 Cross-Covariance Operator

Let F : ¢ — ¢(x) and G : y — 1 (y) denote reproducing kernel Hilbert spaces (RKHSs) with
feature maps ¢ and v, respectively. We aim to find functions f € F and g € G that maximize the
following objective:

sup sup E[(f(z) - E[f(z)]) (9(y) —Elgy)])] st [fllz=lgllg =1 (14)

Using the reproducing property of RKHSs, the centered evaluation of f can be expressed as:

f(@) = (¢(x), [)r — E[{d(z), ) F]
= (¢(=), f)r — (Elp(x)], [)r
15)
= (o(x) - E[p(x)], /)7
= (¢(z), f)r

where ¢(x) := ¢(x) — E[p(x)]. A similar expression holds for g(y). Substituting into the objective,
we obtain:

sup sup  E [f(z)g(z)] =E [(¢(z), f)F (¥(y),9)q] (16)

geg feF

Recall that the tensor product g ® f : F — G is a rank-one operator defined by:
(9@ f)h:=g{f,h)F, forallh € F. a7
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Using this, the objective becomes:
E [(¢(z), f)F (¥(y), 9)g] = E [(( ) £)9)d]
E [(4( z) f,9)¢]
= (Bl ( )] £.9)g
= (Covyaf, 9)g = (9, Covya flg

where Cov,, := E[¢)(y) ® ¢(z)] denotes the cross-covariance operator from F to G.

(18)

Remark. Strictly speaking, interchanging the expectation with the inner product requires justifying
that ¢(y) ® ¢(x) defines a Hilbert-Schmidt (HS) operator and that its expectation exists in the Hilbert
space of HS operators. We provide a minimal justification in the following section. The derivation
above is retained for its close resemblance to the finite-dimensional cross-covariance formulation.

A.2 Hilbert-Schmidt Operators

Let F and G be separable Hilbert spaces and {g¢; }52; an orthonormal basis of F. For a bounded
operator & : F — G the Hilbert—Schmidt(HS) norm is defined as

o0
1217 =Y I1Zald (19)

If this series converges, Z is called Hilbert—Schmidt. The set of Hilbert-Schmidt operators mapping
from F to G is a Hilbert space denoted by HS(F, G) with the inner product

o0

(Z,T )us = Y (26, T ai)g (20)

i=1

Rank one tensor product is HS. For f € Fand g € G:

lge flas = lg{f. @) #IIg
i=1

= (21)
= ||9||?;Z |<f7Qi>J-'|2
i=1
= [lglIg I f1I% < oo
sog® f € HS(F,G).
Lemma. Forany & € HS(F,G), f € F,and g € G,

Proof. Choose an orthonormal basis of F that begins with the normalised vector f := f/|| ||z, i.e.

{fYUBL with B, := {ff‘}filz

=0
(Z, 98 f)us =(Lf, 99 f o+ Y (Lai, 99 ai)g

q;€EBL
(23)

I 9{f, fF)g

~ [ (25 9.7
=(9,Zf)g

The second term vanishes because f is orthogonal to every ¢; € B . O
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Using this lemma we have :

(W) @d(x), g2 fHus = ((x), )7 (V(y). 9)g (24)
and
E[f(x)3(y)] = E[(¥(y) @), 90 f)us] (25)
Boundedness of the expectation functional. Consider the following linear functional:
FHS(F,G)=R,  F(Z)=E[({(y)2d(x), £)us] (26)

Applying Jensen and then Cauchy—Schwarz inequalities:
|F(2)| <E[|((y) @ o(x), L]
SE[[[9(y)@6(2)|lus [|Z]]us]
<1 Zllus E[llé(@) |7 [¥(y)llg]

< ||3||HSE[ k(:c,:c)l(y,y)} < 00
so  is a bounded linear functional on HS(F, G).*
Riesz representation and the covariance operator. Recall that on any Hilbert space, the Riesz
representation theorem states that every bounded linear functional can be expressed as an inner

product with a unique element of that space. Applying this to the bounded functional & defined
above, we obtain a unique operator Cov,, € HS(F, G) satisfying:

(Covye, £)., = F(£L) VZeHS(F,Q) (28)

Taking & = ¢g® f recovers the cross-covariance identity used in the main text. We now turn to the
empirical estimation of cross-covariance operator.

27)

A.3 Empirical Estimation of the Objective

Given a dataset D = {(x;, y;)} 7, the empirical estimate of the cross-covariance operator is given
by:
_— 1 < _ _
Covye = Zl Plys) @ B(i)- (29)
1=
Next, by examining the action of the tensor product operator in Equation (17), together with the
unit-norm constraints on f and g, we conclude’:

f= aid(@), and g=> Bi(y:) (30)
=1

i=1
Substituting this representation into the objective in Equation (18), we obtain:

E[f(z) ZZZW (Yo (@), b)) F 31)

1=1 j=1 k=1
Letting k& and [ denote the kernels associated with F and G, respectively, the expression simplifies to:

E [f(z) Z Z Z B lix kij oy = fﬁTiKa (32)

ll]lkl

where K and L are the centered kernel matrices corresponding to k and [, respectively. Following
the representation of f and g from Equation (30), the unit-norm constraint on f can be expressed as:

I £1I% = <Z a;p(x;), Zajég(fﬂj)>

F
(33)
- ZZOQCE] (xj)>]:
i=1 j=1
= aTK'a

*We assume k(x, «) and I(y, y) have finite first moments.
3This follows directly from the Representer Theorem.
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and likewise for g: ~

lglls = B" L (34)
Therefore, the empirical estimation of the objective reduces to the following constrained optimization
problem:

1 - _ —
sup sup —3'LKa s.t. o' Ka=8"LA=1 (35)
a B n

Next, let K = JJ " and define w = J " v, and similarly let L = DD with v = DT 3. Then, the
objective can be rewritten as:

1
sup sup —v' D" Ju s.t. vv=u u=1 (36)
n

u v

This is maximized by the largest singular value of D J, i.e., it is upper bounded by o .y (D T.J).
Next, by considering the sum of squared singular values, we obtain:

L, N |
Za 7& (JTDD'J) = — (JJTDDT):ﬁtr(KL):ﬁtr(KHLH) (37)

where we used the cyclic property of the trace and the centering matrix H = I — 1117,

Finally, the squared Hilbert—Schmidt norm of the empirical cross-covariance operator reproduces the
same scalar quantity:

Hmu;zgz H)@d(), > )ed))

= 3D (e d@) ),
zzl j:l (38)
= 3 S bl b)) (), )
i=1 j=1
1 n n o 1 - 1
== SO iyl = ﬁtr(KL) = ﬁtr(KHLH)

In the next section we show that, in the empirical setting, one can work with a finite-dimensional
feature map obtained from a factorization of the kernel matrix. This representation makes subsequent
covariance expressions far more transparent.

A.4 Finite-Dimensional Feature Map

Let F:  — ¢(x) be an RKHS with reproducing kernel k( - , ). By the Representer Theorem (cf.
Eq. (30)), any solution subject to norm constraints admits the form:

f=> aig(x) (39)
1=1

so f lies in the finite subspace X := span{¢(x;)}?_;. For f,g € X we have:
(f90r = (Y aidl@). Y Bio(;) = a KB, (40)
i=1 j=1

where K is the kernel matrix K;; = k(x;, ;). Because K is symmetric positive semi-definite it
admits a factorization:

K=JJ' (41)
with J € R™ " full rank. Row i of J (denoted by J,") therefore provides an implicit finite-
dimensional feature vector for ¢(x;): indeed J,' J; = K;; = (¢(x;), ¢(x;)) 7 Moreover:

(fo)r=a'JI B=(J ) (J'B) =u"v (42)
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where we have set u = J'a and v = J' 3. Hence u,v € R” are equivalence of f and g in
this finite-dimensional feature map. Using the reproducing property, the centred evaluation vector

F=1f(@)—pp, ... f(@n) — pp]", with pp = 2570 | f(a;), satisfies :
F=Ju-1(117Ju) = (I~ 117)Ju= HJu 43)

where H is the centring matrix. Now let G: y ~ t(y) with Gram matrix L = DD’ . Repeating
the same construction yields g = H Dw for g(y) = 2?21 B¢ (y;). Thus the empirical objective

becomes:
n

P a1 ) N
Sup sup E[f(z)g(y)] ~ n;(f( i) —1f) (9(wi) — 1g)
= %(HDU)T(HJu) (44)

1 ~
= v D' HJu = v' Cyu
n

where (AZ’W = %DTH J is the (finite-sample) cross-covariance matrix corresponding to the empirical
cross-covariance operator Cov,,. In the following section we derive the Equation (11).

A.5 RKHS Encoders for Feature-Space Alignment
Recall from Section 4.2 the following random variables:

* X' encoder input at iteration i
+ Z': encoder output at iteration i
* X: initial representation

* S: undesired concept labels

* Y target task labels

Let F be an RKHS in which we seek encoders f that optimize the following objective:
sup sup Elgei(X")F(Z")] + 72 Elga(X) f(Z')] + 7y Elg, (Y) f(Z")]

9z
st. sup E[g:(5)f(Z2)] =0, lgzllo, = Ifll= = llgs

9s

(45)

o, =1

Here, Gz (with T = {mi, x,y}) and G, refer to corresponding RKHSs for g7 and g,. Let the kernel
matrices for Z*, X*, X, Y, and S be factorized as
K.=L.,L K,=J.J,; K,=J.J, K,=L/JL,, K,=L,L/

zt z

Using the finite-dimensional feature representation discussed earlier, the empirical estimate for each
term in the objective, for instance E[g, (Y") f(Z"*)], can be written as:

o 1 <& _ 1 ~
j=1

where u, and w are the equivalent vectors to g, and f in the corresponding finite dimensional

feature map, and C,.: denotes the empirical cross-covariance matrix. Note that the following two
optimization problems over w are equivalent:

~

sup sup uJ C,
Uy w w

7w = sup w C.C,

iw A7)

This equivalence follows since the optimal u,, is aligned with CA'yziw and satisfies:

~

Cyziw

= = (48)
||Cyziw||2

Uy
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Hence, the full empirical objective becomes:

éxiz'i + Tz C

x2t

C,.i+ Ty CT C Hw (49)

izt yzt

sup w' (C;
w
Now consider the constraint in Eq. (45), which ensures that f does not increase alignment with the
undesired attribute .S. Its empirical estimate becomes:

sup E[gs(S)f(Z)] ~ sup u] Cy,iw =0 (50)

gs Us

To satisfy this constraint, we require
w € Null(C,,:)
Let Q be an orthonormal basis for this null space. Then we can write:

w = Qv 51D

Since orthonormal transformations preserve norm, the constraint remains unchanged. Substituting
into the objective yields:

Tzt

sup v' QT (Cjzléwiz,, +7,CT.Coi + Ty C;l Ayy) Qu 52)
st. vz =1

This is a Rayleigh quotient maximization problem. The optimal solution v corresponds to the
eigenvector of the matrix with the largest eigenvalue. Define:

A—QT ( 1.Chisi+7.CLCi +7,CLC,. ) Q (53)
The matrix A is a sum of symmetric positive semi-definite matrices, and is itself symmetric and PSD.
Using its eigen-decomposition:

A=DADT

v ' Av=v' DAD"v=a"Aa = Z aiz/\i < Amax >
where @ = D" and ||a||2 = 1, since the eigenvectors of symmetric matrices form an orthonormal
basis. Subsequent encoders, constrained to be orthogonal to the previously selected ones, can be
obtained by iteratively maximizing the same Rayleigh quotient over orthogonal complements. By
the Courant—Fischer min—max principle, these correspond to the eigenvectors associated with the
next largest eigenvalues of A. One may then select the top d eigenvectors—ranked by eigenvalue
magnitude or a normalized criterion—as encoder directions for the next iteration.

B Implementation Details

B.1 Obliviator’s Training Procedure

The practical implementation of Obliviator is outlined in Algorithm 1. Depending on the availability
of target task labels, the erasure setting is configured as either supervised (when target labels are
available) or unsupervised. In the supervised case, an additional term involving 7, Ky is included
in the encoder loss (13), and correspondingly in the RKHS-based eigenvalue problem (11) as

C’yle ,i. This term is omitted under the unsupervised setting.

The encoder is then trained for a fixed number of epochs, which must be sufficient to enable effective
transfer of information from the original representation. If the encoder is trained for too few epochs,
its capacity to preserve relevant features may be limited. In such cases, one practical strategy is to
pre-train the encoder for a few epochs without applying the undesired-concept removal term, and
then perform erasure for a smaller number of epochs. However, excessive pretraining can also be
detrimental: the encoder may learn overly complex representations that are no longer smooth enough
to be effectively constrained by the smooth witness functions. This, in turn, may necessitate stronger
(and potentially less smooth) witnesses, which can hinder erasure quality. Nonetheless, since initial
representations from language models are typically expressive, even random projections can retain
most task-relevant information. Thus, the encoder can often preserve key features with relatively
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Algorithm 1 Obliviator Training Procedure

1: Input: data {x;}, unwanted labels {s; }, optional target labels {y; }
2: for j =1to M do

3: if {y;} is available then

4: RVs < (27, 2,9) > Supervised
5: else )

6: RVs « (27, z) > Unsupervised
7: end if

8: Train encoder ¢’ using loss (13) +- RVs > Adversarial Training
9: 2l el (27)

10: Solve EVP (11), obtain encoder > RKHS Refinement
11:  2/™! « encode 2’ via (12)

12: end for

few training iterations.® In our experiments, we found that 10—15 full-batch iterations were typically
sufficient.

After training the encoder, its output is passed to the eigenvalue problem defined in (11). Since the
feature space induced by the kernel can be high-dimensional—even for a moderate number of training
samples—explicit factorization of the kernel matrix is generally intractable. To address this, we
employ approximation methods such as the Nystrom method or Random Fourier Features (RFF) [22]
to obtain a finite-dimensional approximation of the feature map. Next, the resulting eigenvalues are
normalized by the largest eigenvalue, and the top d eigenvectors are selected based on a predefined
threshold. These eigenvectors correspond to functions in the RKHS, which serve as new encoder.
We apply these functions to the encoder’s output to generate a transformed representation. This
transformed representation then becomes the input to the encoder in the subsequent iteration.

B.2 Datasets

We evaluate on three benchmark datasets commonly used for concept erasure: BIAS IN BIOS,
DIAL-SENTIMENT and DIAL-MENTION.

* BI1AS IN B10S [8]: This dataset consists of biographical texts, each annotated with a profession
(the primary task) and a gender label (the sensitive/protected attribute). It includes 28 distinct
professions and two gender categories, with 53.7% of the data associated with male subjects and
46.3% with female subjects. The most common profession in the dataset is "professor," accounting
for 30% of the total samples. To ensure a fair comparison with FaRM, we used the same dataset
split as FaRM [6] for the fine-tuned BERT representations. For the frozen representations, we
followed the dataset split used by [24].

e DIAL [4]: This dataset consists of two subsets: DIAL-SENTIMENT and DIAL-MENTION.

— DIAL-SENTIMENT is labeled for sentiment analysis, with sentiment as the primary target
variable (happy 54.57%, sad 45.43%). 1t also includes race labels (African-American English
36.93%, Standard American English 63.07%).

— DIAL-MENTION is a binary classification dataset for detecting whether a tweet mentions
another user (50% conversational, 50% non-conversational). The race labels in this subset are
equally distributed (50%-50%).

B.3 Experimental Setup

We use a multilayer perceptron (MLP) as our encoder, consisting of a single hidden layer with 256
units and the SiL.U activation function. Optimization is performed using the AdamW optimizer
with default hyperparameters. We set the learning rate to 5 x 10~* and apply a weight decay of
0.001. For the BIAS IN BIOS dataset, the encoder is trained for 50 iterations in the first step and
30 iterations in subsequent steps. Due to the infeasibility of computing the full kernel matrix on
the entire dataset, exact kernel-based training is only possible via stochastic gradient descent with a
reasonable batch size. However, we observe that with RFF and training on the full-batch consistently

This is consistent with the Johnson—Lindenstrauss lemma.
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Table 2: Hyperparameters used for the training of Obliviator across different datasets.
Encoder Parameters Eq.(13) EVP Parameters Eq.(11)

Dataset Erasure Ty Te Ty Te Ty Threshold v, g Vs

BIAS IN BIOS Supervised 0.05 0.05 3 0.5 2 1074 005 05 05
Unsupervised 0.1 0.1 - 0.7 - 1074 0.05 05 05
DIAL-SENTIMENT  Supervised 0.05 0.05 5 0.5 3 5x107° 005 02 02
Unsupervised 0.1 0.1 - 0.7 - 5x107° 005 02 02
DIAL-MENTION Supervised 0.05 0.05 5 0.5 3 5x107° 0.05 02 02
Unsupervised 0.1 0.1 - 0.7 - 5x107° 005 02 02

yields better performance. Consequently, we approximate the kernel using RFF throughout our
experiments. The RFF dimensionality is set to 2500 in the first iteration and reduced to 1500 in
later steps, as the encoder’s input dimension is reduced after the first transformation. To ensure
that HSIC is not artificially increased through isotropic scaling, we evaluated two normalization
strategies: (1) feature-wise normalization to unit variance and (2) sample-wise normalization. The
latter proves more effective in our setup. For the DIAL-MENTION and DIAL-SENTIMENT datasets
all settings are the same except the initial training is set to 30 iterations. All reported trade-off curves
are over three independent runs where we reported minimum performance (lowest trade-off curve).
For the RKHS encoder, the Kernel matrix is approximated using RFF with a dimension of 1500.
The hyper-parameters used for training can be found in Table 2. Training is conducted on a single
NVIDIA RTX A6000 GPU. For the training of DeepSeek and LLaMa on BIAS IN B10S dataset all
the parameters are similar to Table 2 except we set the threshold to 1075,

C Probing Networks

C.1 Our Choice of Probing Networks

Unlike prior work [1, 6], we do not restrict the nonlinear adversary to the default MLP classifier
provided by scikit-learn. Instead, we evaluate all methods using two types of adversarial classifiers:
an SVM with an RBF kernel (implemented via cuML [23]) and an MLP with two hidden layers
of 128 neurons (implemented in PyTorch [19]). The MLP classifier is trained three times with
different random seeds, while the SVM is evaluated under seven hyperparameter settings (7, C') €
{(10,5), (10, 10), (5,10), (5,5), (1,5), (1,1), (0.5,1)}. We report the maximum accuracy obtained
across all ten runs (three MLP + seven SVM) for each method. For the target task classifier, we
employ the same architecture as the adversarial MLP, a two-layer Multi-Layer Perceptron with 128
neurons per hidden layer. An SVM with a large kernel scale (7 = 10) and hard margin (C' = 10)
serves as a coarse decision boundary, useful for testing whether erasure occurs by overlapping
distributions across unwanted attributes. We must note that, the erasure process is carried by a
deterministic function and only shuffling data samples across unwanted attributes is not sufficient
for erasure as this shuffling can be still invertible. Therefore, true erasure happens upon distribution
matching.

In our experiments, we observed that applying dimensionality reduction often improved adversarial
accuracy. For instance, using a strong encoder—an MLP with four hidden layers(see §D.1)—without
any iterative refinement led our MLP adversaries to perform at random chance level while SVM with
v = 10, C = 10 reported around 80% accuracy. However, when we applied RKHS refinement via
(11) as a dimensionality reduction step and re-evaluated the MLP adversaries again, their accuracy
was similar to that of SVM with v = 10, C' = 10. This indicates that sensitive information was still
present in the representation, and the prior adversary failures were primarily due to training difficulty
rather than successful erasure.

C.2 Ablation Studies with Different Probing Networks

To evaluate the robustness of our probing setup, we assess the trade-off curves using multiple types
of classifiers. Specifically, we consider a Multi-Layer Perceptron (MLP) with five hidden layers of
size 128, as well as Random Forest classifiers with 100 estimators and maximum depths of 15, 20,
and 25. For the MLP, we report the highest accuracy across three independent runs. For the Random
Forest, we report the best accuracy obtained across the three depth settings. The resulting trade-off
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of classifier (MLPx2-SVM).

Figure 7: Ablation studies with different probing networks. Dataset is BIAS IN B10S and language
model is BERT.

curves are shown in Figure 7a, alongside the curve obtained using our default probing classifier (as
described earlier). As illustrated in the figure, our choice of classifier yields a consistently lower
trade-off profile, demonstrating its robustness for evaluating erasure performance.

In contrast to prior work, we do not rely on visualizations produced by t-SNE or UMAP to assess
overlap with respect to the sensitive attribute (e.g., gender). While such techniques can be visually
appealing, they are unreliable indicators of structure in high-dimensional spaces, often distorting
distances and cluster separability. Instead, we adopt an evaluation based on the training accuracy
of an expressive classifier. In particular, if a sufficiently flexible probing model is unable to overfit
the training data, this provides stronger evidence that the representation has been overlapped across
the unwanted attribute, suggesting successful erasure. However, it is important to note that we
are working with finitely many samples in a high dimensional space. It is unlikely that the data
points become so close that no probing classifier can overfit to training samples. For this reason, the
flexibility of the probing model must be chosen reasonably so that this evaluation becomes meaningful.
Figure 10 presents the train and test accuracy of the MLP with five hidden layers over the course of
erasure. As the process progresses, we observe a drop in both training and test accuracy, with the
training accuracy falling to near random chance. This indicates that even a high-capacity classifier
cannot overfit to the training samples, suggesting that the representation has been successfully aligned
across the sensitive groups via distributional overlap.

Taken together, these probing results indicate that Obliviator consistently achieves full concept erasure.
This is consistent with the theoretical motivation: minimizing HSIC(S, X') enforces statistical
independence between the representation X and the sensitive attribute S'

C.3 Statistical Significance of the Obtained Trade-off

In this section, we evaluate the statistical significance of the obtained trade-off curve. As described in
Section Appendix B.3, each trade-off profile is computed using the evaluation protocol outlined in
Section Appendix C.1, and reflects the lowest performance across three independent runs. We repeat
this entire process five times and report the mean trade-off profile along with the 95% confidence
interval, computed using a Student’s ¢-test as +0/v/5 - t4,0.975. Figure 8 presents results under the
frozen + unsupervised erasure setting on the BIAS IN B10S dataset, with BERT as the language
model. The dashed curve corresponds to the trade-off profile reported in the main paper, while
the solid curve shows the mean across five repeated evaluations. The shaded region represents the
confidence interval. The low variance observed across repetitions reflects two complementary factors:
1)The rigor of our evaluation protocol—based on multiple adversaries and conservative selection of
worst-case performance, naturally reduces variability; 2)It also highlights the inherent stability of our
multi-step framework, where erasure remains consistent across independent runs.
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Figure 8: Statistical Significance of the obtained trade-off curve. Dataset is BIAS IN B10S and
language model is BERT.
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Figure 9: Multi-Step Erasure vs. Single-Step Erasure. Comparison of erasure performance using a
single-step encoder with either 1 or 4 hidden layers (MLP), versus the proposed multi-step erasure
framework (Obliviator). Results are shown on the BIAS IN B10sS dataset using BERT representations.
The multi-step approach consistently demonstrates more effective erasure.

D Additional Results

D.1 Single Step Erasure Vs Multi-Step Erasure

To highlight the importance of each component in Obliviator, we evaluate a simplified baseline using
a single MLP encoder with either one or four hidden layers (each containing 256 neurons). The goal
is to perform erasure using only the encoder trained with the loss in (13), without employing the
multi-step framework or RKHS-based refinement. This setup allows us to isolate the contribution of
these components and assess their effect on erasure and adversarial optimization. During training, we
evaluate both the target task and undesired attribute accuracy every 30 steps. As shown in Figure 9,
neither of the single-step encoder configurations achieves full concept erasure. Although both gender
and profession accuracies initially decline, they eventually plateau and begin to oscillate, failing to
reach full erasure. While a more expressive encoder might hypothetically improve performance, a
direct comparison reveals that the empirical trade-off achieved by Obliviator is consistently better.
This demonstrates that the multi-step procedure and RKHS refinement, results in a more robust and
effective erasure process.

D.2 Hyperparameter Sensitivity
We conduct two additional studies to evaluate the impact of hyperparameters on the performance

of Obliviator. First, we examine the effect of the RBF kernel bandwidth parameters v,: and i,
which are defined as the inverse of the kernel width (i.e., ¥ = 1/20?). These parameters control the
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(a) Trade-off obtained by different values of v = (b) Trade-off obtained by different values of 7 =
Vi = Vai- T, = T,:. Here we only change the encoder’s pa-
rameter and 7 in EVP problem are same as in Table 2.

Figure 10: Analysis of the effect of hyperparameters on Obliviator’s performance. Dataset is BIAS
IN B10S and language model is BERT.

(a) Professions (b) Professor (c) Physician

Figure 11: Representations Learned by Obliviator on Finetuned BIAS IN B10S Representations
(BERT). The professions Professor and Physician are shown separately to better visualize the
distribution of gender within each class. While the two professions are clearly separated (green and
purple), gender labels (blue and red) are indistinguishable within each profession—indicating that
Obliviator effectively erases gender information while preserving task-relevant structure.

smoothness and expressivity of the witness functions used in dependency estimation. Intuitively,
higher ~ values (corresponding to narrower kernels) yield more complex witness functions, which
are more sensitive to fine-grained correlations. This can result in more aggressive erasure by
capturing spurious dependencies. This behavior is consistent with the patterns observed in Figure 10a.
Furthermore, we can see that Obliviator performs consistently across a broad, reasonable range of
values for v, demonstrating robustness to this choice. Note that, in this experiment, we considered
V= Vai = Vai

Next, we study the effect of the weighting coefficients 7,.: and 7,,, which appear in both the adversarial
loss (13) and the eigenvalue problem in (11). In this experiment, we vary only the encoder loss
parameters while keeping the EVP parameters fixed, as specified in Table 2. As before, we set
Tgi = T,. The results, shown in Figure 10b, indicate that very large values of 7 lead to a slight
degradation in performance. Moreover, increasing 7 slows convergence, requiring more iterations to
reach the same level of erasure.

D.3 Visualization

Here, we visualize the representations of two professions—Professor and Physician—from the
B1As IN BIOs dataset using fine-tuned representations at an intermediate stage of erasure. This
representation corresponds to a point on the trade-off curve where gender classification accuracy is
approximately 60%, while profession classification accuracy remains around 85% (see Figure 4c).
The visualization in Figure 11 also corresponds to this stage of erasure.
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At this point, the number of RKHS encoders obtained from (11) is three, meaning we visualize the
actual transformed representation used by the model. Notably, while the two professions remain
well-separated, the gender labels within each profession are indistinguishable—highlighting that
Obliviator successfully removes gender information while preserving task-relevant structure.

E Societal Impact

Obliviator enables targeted concept erasure from learned representations, which can be beneficial—for
instance, by removing sensitive demographic attributes to reduce reliance on them in decision-making,
or by erasing personal identifiers to protect privacy. However, if task-critical attributes are treated as
“unwanted”, such as age in healthcare or income level in finance, model performance may degrade, or
the model may rely on spurious correlations with remaining features like gender or race. Transparent
documentation, domain-informed definitions, and independent oversight are essential, especially in
high-stakes applications. Without careful review, erasure may discard socially meaningful information
or fail to generalize across contexts.
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