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Figure 3: Frozen+Unsupervised Erasure : Comparison of Obliviator and baselines with frozen
representations. In unsupervised erasure, we implicitly observe Y information from X and Xi and
thereby we observe a more noticeable trade-off compared to Figure 2.
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Linear Dependency between  and f(X) g(S)
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How Do We Formulate Erasure Using Statistical Independence ?
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HSIC(Zθ, S)𝔼 [HSIC(Zi
θ, Y) + HSIC(Zi

θ, X) + HSIC(Zi
θ, Xi)]inf

θ

More Information-Preserving Loss

Erase and Preserve via guarding function  Zi
θ = εi(Xi; θi)
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How Do We Solve This Optimization ?

sup
{ga∈𝒢a}

sup
f ∈ ℱ

Cov2( f(Zi
θ), gy(Y)) + Cov2( f(Zi

θ), gxi (Xi)) + Cov2( f(Zi
θ), gx(X))

s . t sup
gs∈𝒢s

Cov( f(Zi
θ), gs(S)) = 0 ∥f∥ℱ = ∥ga∥𝒢a

= 1

Separate Useful Information from Unwanted Concepts:

Step Two
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Figure 18: 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 BIOS dataset using BERT representations.
The multi-step approach consistently demonstrates more effective erasure.
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Figure 19: 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 BIOS dataset using BERT representations.
The multi-step approach consistently demonstrates more effective erasure.

D.2 Further Results on Fairness

Here we show the additional fairness for controlled setup experiments 2.3. Moreover, we show the
fariness for BIAS IN BIOS and DIAL-MENTION before and after erasure.
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Figure 19: 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 BIOS dataset using BERT representations.
The multi-step approach consistently demonstrates more effective erasure.

D.2 Further Results on Fairness

Here we show the additional fairness for controlled setup experiments 2.3. Moreover, we show the
fariness for BIAS IN BIOS and DIAL-MENTION before and after erasure.
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Figure 19: Multi-Step Erasure vs. Single-Step Erasure. Comparison of erasure performance using a
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What does Obliviator Reveal about Concept Erasure ?
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Figure 3: Frozen+Unsupervised Erasure : Comparison of Obliviator and baselines with frozen
representations. In unsupervised erasure, we implicitly observe Y information from X and Xi and
thereby we observe a more noticeable trade-off compared to Figure 2.
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Effect of Y Visibility on Erasure: To distinguish the effect of the Y label on supervised era-
sure from its effect via fine-tuning, we examine two key scenarios: Frozen+Supervised and Fine-
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Figure 3: Frozen+Unsupervised Erasure : Comparison of Obliviator and baselines with frozen
representations. In unsupervised erasure, we implicitly observe Y information from X and Xi and
thereby we observe a more noticeable trade-off compared to Figure 2.
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to formulate these two components in closed-form is a key contributor to the consistency of our
optimization.
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Figure 3: Finetuned+Supervised Erasure : Comparison of Obliviator with baselines with fine-tuned
representations, which are common to all methods on three different datasets. In addition, Obliviator
leverages target labels during the erasure process—referred to as supervised erasure in our approach.
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Figure 4: Frozen+Unsupervised Erasure : Comparison of Obliviator and baselines with frozen rep-
resentations. In unsupervised erasure, target labels are not used during erasure—a more challenging
setting in which we observe a more pronounced trade-off, as expected, compared to Figure 3.

Finetuned+Supervised: All methods use fine-tuned representations, and Obliviator additionally uses209

target labels during erasure—this aligns with settings used by baselines like FaRM and AdS for a210

fair comparison (see Figure 3). Frozen+Unsupervised: Original representations are used without211

finetuning (i.e., frozen), and target labels are not employed during erasure by Obliviator—this212

defines a more challenging setting (see Figure 4). Intermediate cases: To complete our analysis213

regarding the effects of finetuning and target label availability, we also evaluate Obliviator under (i)214

Frozen + Supervised and (ii) Finetuned+Unsupervised configurations (see Figure 5). Based on these215

experiments we make the following observations :216

Nonlinear guardedness: Obliviator achieves nonlinear guardedness, capturing the full trade-off217

curve across all scenarios and datasets. This outcome is expected, as we explicitly enforce HSIC =218

0 via (6), which captures nonlinear dependencies and ensures statistical independence. In contrast,219

existing methods fail to achieve full erasure—this shortcoming is especially evident in the fine-tuned220

setting. Notably, the gap between full erasure (i.e., random chance) and the best-performing baseline221

is 12%, 13%, 14% for DIAL-MENTION, DIAL-SENTIMENT, and BIAS IN BIOS, respectively, in222

Figure 3. Similar gaps of 12%, 9%, 8% are observed in Figure 4.223

Empirical upper bound: While concept erasure methods are typically evaluated based on their224

ability to achieve full linear or nonlinear guardedness, such evaluations overlook how competing225

objectives interact throughout the erasure process. Studying trade-offs provides deeper insight226

into this interaction, offering a more comprehensive assessment of a method’s performance and227

its optimization framework. Obliviator consistently outperforms all baselines, achieving higher Y228

accuracy at every level of S accuracy across all scenarios and datasets. This underlies the effectiveness229

of the algorithm used in our method. Notably, capturing dependence in closed-form by HSIC in230

adversarial training (13) followed by closed-form encoders from RKHS (11) to refine the feature231

space provides a consistent optimization framework.232

Trade-off Profile: Comparing datasets in Figure 3 and Figure 4, we observe a more pronounced233

trade-off under the frozen+unsupervised configuration in Obliviator. While this is expected based on234

intuition—since the two settings lie at opposite ends of the erasure difficulty spectrum—it serves as235

strong evidence that the observed trade-off arises from optimization challenges, rather than reflecting236

an inherent, unavoidable trade-off in the problem itself.237

7

Representation: Finetuned

PLM : BERT
Utility : Profession
Unwanted : Gender

Representation: Frozen

Obliviator Reveals : Achieving Nonlinear Guardedness



50 55 60 65 70 75 80
50

55

60

65

70

Race Acc.

M
en

tio
n

A
cc

.

(a) DIAL-MENTION

65 70 75 80 85
55

60

65

70

Race Acc.

Se
nt

im
en

tA
cc

.

(b) DIAL-SENTIMENT

60 70 80 90 100
30

40

50

60

70

80

Gender Acc.

Pr
of

es
si

on
A

cc
. FaRM

KRaM
INLP
kSAL

Random Chance
Obliviator-Fz+Unsup

(c) BIAS IN BIOS

Figure 3: Frozen+Unsupervised Erasure : Comparison of Obliviator and baselines with frozen
representations. In unsupervised erasure, we implicitly observe Y information from X and Xi and
thereby we observe a more noticeable trade-off compared to Figure 2.
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Figure 4: Frozen+Unsupervised Erasure : Comparison of Obliviator and baselines with frozen rep-
resentations. In unsupervised erasure, target labels are not used during erasure—a more challenging
setting in which we observe a more pronounced trade-off, as expected, compared to Figure 3.

Finetuned+Supervised: All methods use fine-tuned representations, and Obliviator additionally uses209

target labels during erasure—this aligns with settings used by baselines like FaRM and AdS for a210

fair comparison (see Figure 3). Frozen+Unsupervised: Original representations are used without211

finetuning (i.e., frozen), and target labels are not employed during erasure by Obliviator—this212

defines a more challenging setting (see Figure 4). Intermediate cases: To complete our analysis213

regarding the effects of finetuning and target label availability, we also evaluate Obliviator under (i)214

Frozen + Supervised and (ii) Finetuned+Unsupervised configurations (see Figure 5). Based on these215

experiments we make the following observations :216

Nonlinear guardedness: Obliviator achieves nonlinear guardedness, capturing the full trade-off217

curve across all scenarios and datasets. This outcome is expected, as we explicitly enforce HSIC =218

0 via (6), which captures nonlinear dependencies and ensures statistical independence. In contrast,219

existing methods fail to achieve full erasure—this shortcoming is especially evident in the fine-tuned220

setting. Notably, the gap between full erasure (i.e., random chance) and the best-performing baseline221

is 12%, 13%, 14% for DIAL-MENTION, DIAL-SENTIMENT, and BIAS IN BIOS, respectively, in222

Figure 3. Similar gaps of 12%, 9%, 8% are observed in Figure 4.223

Empirical upper bound: While concept erasure methods are typically evaluated based on their224

ability to achieve full linear or nonlinear guardedness, such evaluations overlook how competing225

objectives interact throughout the erasure process. Studying trade-offs provides deeper insight226

into this interaction, offering a more comprehensive assessment of a method’s performance and227

its optimization framework. Obliviator consistently outperforms all baselines, achieving higher Y228

accuracy at every level of S accuracy across all scenarios and datasets. This underlies the effectiveness229

of the algorithm used in our method. Notably, capturing dependence in closed-form by HSIC in230

adversarial training (13) followed by closed-form encoders from RKHS (11) to refine the feature231

space provides a consistent optimization framework.232

Trade-off Profile: Comparing datasets in Figure 3 and Figure 4, we observe a more pronounced233

trade-off under the frozen+unsupervised configuration in Obliviator. While this is expected based on234

intuition—since the two settings lie at opposite ends of the erasure difficulty spectrum—it serves as235
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Figure 3: Frozen+Unsupervised Erasure : Comparison of Obliviator and baselines with frozen
representations. In unsupervised erasure, we implicitly observe Y information from X and Xi and
thereby we observe a more noticeable trade-off compared to Figure 2.
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Obliviator Reveals : Effect of Target Task Labels on Erasure
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Figure 4: Frozen+Unsupervised Erasure : Comparison of Obliviator and baselines with frozen rep-
resentations. In unsupervised erasure, target labels are not used during erasure—a more challenging
setting in which we observe a more pronounced trade-off, as expected, compared to Figure 3.

Finetuned+Supervised: All methods use fine-tuned representations, and Obliviator additionally uses209

target labels during erasure—this aligns with settings used by baselines like FaRM and AdS for a210

fair comparison (see Figure 3). Frozen+Unsupervised: Original representations are used without211

finetuning (i.e., frozen), and target labels are not employed during erasure by Obliviator—this212

defines a more challenging setting (see Figure 4). Intermediate cases: To complete our analysis213

regarding the effects of finetuning and target label availability, we also evaluate Obliviator under (i)214

Frozen + Supervised and (ii) Finetuned+Unsupervised configurations (see Figure 5). Based on these215

experiments we make the following observations :216

Nonlinear guardedness: Obliviator achieves nonlinear guardedness, capturing the full trade-off217

curve across all scenarios and datasets. This outcome is expected, as we explicitly enforce HSIC =218

0 via (6), which captures nonlinear dependencies and ensures statistical independence. In contrast,219

existing methods fail to achieve full erasure—this shortcoming is especially evident in the fine-tuned220

setting. Notably, the gap between full erasure (i.e., random chance) and the best-performing baseline221

is 12%, 13%, 14% for DIAL-MENTION, DIAL-SENTIMENT, and BIAS IN BIOS, respectively, in222

Figure 3. Similar gaps of 12%, 9%, 8% are observed in Figure 4.223

Empirical upper bound: While concept erasure methods are typically evaluated based on their224

ability to achieve full linear or nonlinear guardedness, such evaluations overlook how competing225

objectives interact throughout the erasure process. Studying trade-offs provides deeper insight226

into this interaction, offering a more comprehensive assessment of a method’s performance and227

its optimization framework. Obliviator consistently outperforms all baselines, achieving higher Y228

accuracy at every level of S accuracy across all scenarios and datasets. This underlies the effectiveness229

of the algorithm used in our method. Notably, capturing dependence in closed-form by HSIC in230

adversarial training (13) followed by closed-form encoders from RKHS (11) to refine the feature231

space provides a consistent optimization framework.232

Trade-off Profile: Comparing datasets in Figure 3 and Figure 4, we observe a more pronounced233

trade-off under the frozen+unsupervised configuration in Obliviator. While this is expected based on234

intuition—since the two settings lie at opposite ends of the erasure difficulty spectrum—it serves as235

strong evidence that the observed trade-off arises from optimization challenges, rather than reflecting236

an inherent, unavoidable trade-off in the problem itself.237
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Finetuned+Supervised: All methods use fine-tuned representations, and Obliviator additionally uses209

target labels during erasure—this aligns with settings used by baselines like FaRM and AdS for a210

fair comparison (see Figure 3). Frozen+Unsupervised: Original representations are used without211

finetuning (i.e., frozen), and target labels are not employed during erasure by Obliviator—this212

defines a more challenging setting (see Figure 4). Intermediate cases: To complete our analysis213

regarding the effects of finetuning and target label availability, we also evaluate Obliviator under (i)214

Frozen + Supervised and (ii) Finetuned+Unsupervised configurations (see Figure 5). Based on these215

experiments we make the following observations :216

Nonlinear guardedness: Obliviator achieves nonlinear guardedness, capturing the full trade-off217

curve across all scenarios and datasets. This outcome is expected, as we explicitly enforce HSIC =218

0 via (6), which captures nonlinear dependencies and ensures statistical independence. In contrast,219

existing methods fail to achieve full erasure—this shortcoming is especially evident in the fine-tuned220

setting. Notably, the gap between full erasure (i.e., random chance) and the best-performing baseline221

is 12%, 13%, 14% for DIAL-MENTION, DIAL-SENTIMENT, and BIAS IN BIOS, respectively, in222

Figure 3. Similar gaps of 12%, 9%, 8% are observed in Figure 4.223

Empirical upper bound: While concept erasure methods are typically evaluated based on their224

ability to achieve full linear or nonlinear guardedness, such evaluations overlook how competing225

objectives interact throughout the erasure process. Studying trade-offs provides deeper insight226

into this interaction, offering a more comprehensive assessment of a method’s performance and227

its optimization framework. Obliviator consistently outperforms all baselines, achieving higher Y228

accuracy at every level of S accuracy across all scenarios and datasets. This underlies the effectiveness229

of the algorithm used in our method. Notably, capturing dependence in closed-form by HSIC in230

adversarial training (13) followed by closed-form encoders from RKHS (11) to refine the feature231

space provides a consistent optimization framework.232

Trade-off Profile: Comparing datasets in Figure 3 and Figure 4, we observe a more pronounced233

trade-off under the frozen+unsupervised configuration in Obliviator. While this is expected based on234

intuition—since the two settings lie at opposite ends of the erasure difficulty spectrum—it serves as235

strong evidence that the observed trade-off arises from optimization challenges, rather than reflecting236

an inherent, unavoidable trade-off in the problem itself.237
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Figure 4: Frozen+Unsupervised Erasure : Comparison of Obliviator and baselines with frozen rep-
resentations. In unsupervised erasure, target labels are not used during erasure—a more challenging
setting in which we observe a more pronounced trade-off, as expected, compared to Figure 3.

Finetuned+Supervised: All methods use fine-tuned representations, and Obliviator additionally uses209

target labels during erasure—this aligns with settings used by baselines like FaRM and AdS for a210

fair comparison (see Figure 3). Frozen+Unsupervised: Original representations are used without211

finetuning (i.e., frozen), and target labels are not employed during erasure by Obliviator—this212

defines a more challenging setting (see Figure 4). Intermediate cases: To complete our analysis213

regarding the effects of finetuning and target label availability, we also evaluate Obliviator under (i)214

Frozen + Supervised and (ii) Finetuned+Unsupervised configurations (see Figure 5). Based on these215

experiments we make the following observations :216

Nonlinear guardedness: Obliviator achieves nonlinear guardedness, capturing the full trade-off217

curve across all scenarios and datasets. This outcome is expected, as we explicitly enforce HSIC =218

0 via (6), which captures nonlinear dependencies and ensures statistical independence. In contrast,219

existing methods fail to achieve full erasure—this shortcoming is especially evident in the fine-tuned220

setting. Notably, the gap between full erasure (i.e., random chance) and the best-performing baseline221

is 12%, 13%, 14% for DIAL-MENTION, DIAL-SENTIMENT, and BIAS IN BIOS, respectively, in222

Figure 3. Similar gaps of 12%, 9%, 8% are observed in Figure 4.223

Empirical upper bound: While concept erasure methods are typically evaluated based on their224

ability to achieve full linear or nonlinear guardedness, such evaluations overlook how competing225

objectives interact throughout the erasure process. Studying trade-offs provides deeper insight226

into this interaction, offering a more comprehensive assessment of a method’s performance and227

its optimization framework. Obliviator consistently outperforms all baselines, achieving higher Y228

accuracy at every level of S accuracy across all scenarios and datasets. This underlies the effectiveness229

of the algorithm used in our method. Notably, capturing dependence in closed-form by HSIC in230

adversarial training (13) followed by closed-form encoders from RKHS (11) to refine the feature231

space provides a consistent optimization framework.232

Trade-off Profile: Comparing datasets in Figure 3 and Figure 4, we observe a more pronounced233

trade-off under the frozen+unsupervised configuration in Obliviator. While this is expected based on234

intuition—since the two settings lie at opposite ends of the erasure difficulty spectrum—it serves as235

strong evidence that the observed trade-off arises from optimization challenges, rather than reflecting236

an inherent, unavoidable trade-off in the problem itself.237
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loss in (2) and the disentanglement process in (5). Notably, utilizing RKHS to formulate these two
components in closed-form is a key contributor to the consistency of our optimization.

Cost of Erasure: Comparing the trade-off curves for each dataset across the different setups in
Figure 2 and ??, we observe a more noticeable trade-off in the frozen+unsupervised scenario. This
is consistent with our discussion in Section 1.1. The key difference is that Y provides an explicit
proxy for the task-relevant modes. In contrast, X and Xi are implicit proxies; the optimization’s
priority for the task-relevant modes depends on how those modes are weighted relative to all other
information encoded within these RVs. Therefore, preserving Y -relevant information is more likely
in the supervised erasure setup. This distinction is particularly evident in DIAL-MENTION and
DIAL-SENTIMENT, where Obliviator preserves mention/sentiment information with minimal utility
loss while successfully erasing race-related information.Effect of Y Visibility on Erasure: To distinguish the effect of the Y label on supervised era-
sure from its effect via fine-tuning, we examine two key scenarios: Frozen+Supervised and Fine-
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setting in which we observe a more pronounced trade-off, as expected, compared to Figure 3.
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target labels during erasure—this aligns with settings used by baselines like FaRM and AdS for a210

fair comparison (see Figure 3). Frozen+Unsupervised: Original representations are used without211

finetuning (i.e., frozen), and target labels are not employed during erasure by Obliviator—this212

defines a more challenging setting (see Figure 4). Intermediate cases: To complete our analysis213

regarding the effects of finetuning and target label availability, we also evaluate Obliviator under (i)214

Frozen + Supervised and (ii) Finetuned+Unsupervised configurations (see Figure 5). Based on these215

experiments we make the following observations :216

Nonlinear guardedness: Obliviator achieves nonlinear guardedness, capturing the full trade-off217

curve across all scenarios and datasets. This outcome is expected, as we explicitly enforce HSIC =218

0 via (6), which captures nonlinear dependencies and ensures statistical independence. In contrast,219

existing methods fail to achieve full erasure—this shortcoming is especially evident in the fine-tuned220

setting. Notably, the gap between full erasure (i.e., random chance) and the best-performing baseline221

is 12%, 13%, 14% for DIAL-MENTION, DIAL-SENTIMENT, and BIAS IN BIOS, respectively, in222

Figure 3. Similar gaps of 12%, 9%, 8% are observed in Figure 4.223

Empirical upper bound: While concept erasure methods are typically evaluated based on their224

ability to achieve full linear or nonlinear guardedness, such evaluations overlook how competing225

objectives interact throughout the erasure process. Studying trade-offs provides deeper insight226

into this interaction, offering a more comprehensive assessment of a method’s performance and227

its optimization framework. Obliviator consistently outperforms all baselines, achieving higher Y228

accuracy at every level of S accuracy across all scenarios and datasets. This underlies the effectiveness229

of the algorithm used in our method. Notably, capturing dependence in closed-form by HSIC in230

adversarial training (13) followed by closed-form encoders from RKHS (11) to refine the feature231

space provides a consistent optimization framework.232

Trade-off Profile: Comparing datasets in Figure 3 and Figure 4, we observe a more pronounced233

trade-off under the frozen+unsupervised configuration in Obliviator. While this is expected based on234

intuition—since the two settings lie at opposite ends of the erasure difficulty spectrum—it serves as235

strong evidence that the observed trade-off arises from optimization challenges, rather than reflecting236

an inherent, unavoidable trade-off in the problem itself.237

7

Obliviator Reveals : Effect of Target Task Labels on Erasure

PLM : BERT

Utility : Mention
Unwanted : Race

Utility : Sentiment
Unwanted : Race

Representation: Frozen



50 55 60 65 70 75 80
50

55

60

65

70

75

80

Race Acc.

M
en

tio
n

A
cc

.

(a) DIAL-MENTION

65 70 75 80 85
55

60

65

70

75

Race Acc.

Se
nt

im
en

tA
cc

.

FaRM
KRaM
INLP
kSAL

Fz+Unsup
Fz+Sup

(b) DIAL-SENTIMENT

60 70 80 90 100
30

40

50

60

70

80

Gender Acc.

Pr
of

es
si

on
A

cc
. FaRM

KRaM
INLP
kSAL

Random Chance
Obliviator-Fz+Unsup

Obliviator-Fz+Sup

BIAS IN BIOS

55 60 65 70 75 80

40

60

80

100

Gender Acc.

Pr
of

es
si

on
A

cc
.

FaRM
AdS

KRaM
INLP
kSAL

Random Chance
Obliviator-UnSup

BIAS IN BIOS

loss in (2) and the disentanglement process in (5). Notably, utilizing RKHS to formulate these two
components in closed-form is a key contributor to the consistency of our optimization.

Cost of Erasure: Comparing the trade-off curves for each dataset across the different setups in
Figure 2 and ??, we observe a more noticeable trade-off in the frozen+unsupervised scenario. This
is consistent with our discussion in Section 1.1. The key difference is that Y provides an explicit
proxy for the task-relevant modes. In contrast, X and Xi are implicit proxies; the optimization’s
priority for the task-relevant modes depends on how those modes are weighted relative to all other
information encoded within these RVs. Therefore, preserving Y -relevant information is more likely
in the supervised erasure setup. This distinction is particularly evident in DIAL-MENTION and
DIAL-SENTIMENT, where Obliviator preserves mention/sentiment information with minimal utility
loss while successfully erasing race-related information.Effect of Y Visibility on Erasure: To distinguish the effect of the Y label on supervised era-
sure from its effect via fine-tuning, we examine two key scenarios: Frozen+Supervised and Fine-
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in the supervised erasure setup. This distinction is particularly evident in DIAL-MENTION and
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Figure 3: Finetuned+Supervised Erasure : Comparison of Obliviator with baselines with fine-tuned
representations, which are common to all methods on three different datasets. In addition, Obliviator
leverages target labels during the erasure process—referred to as supervised erasure in our approach.
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Figure 4: Frozen+Unsupervised Erasure : Comparison of Obliviator and baselines with frozen rep-
resentations. In unsupervised erasure, target labels are not used during erasure—a more challenging
setting in which we observe a more pronounced trade-off, as expected, compared to Figure 3.

Finetuned+Supervised: All methods use fine-tuned representations, and Obliviator additionally uses209

target labels during erasure—this aligns with settings used by baselines like FaRM and AdS for a210

fair comparison (see Figure 3). Frozen+Unsupervised: Original representations are used without211

finetuning (i.e., frozen), and target labels are not employed during erasure by Obliviator—this212

defines a more challenging setting (see Figure 4). Intermediate cases: To complete our analysis213

regarding the effects of finetuning and target label availability, we also evaluate Obliviator under (i)214

Frozen + Supervised and (ii) Finetuned+Unsupervised configurations (see Figure 5). Based on these215

experiments we make the following observations :216

Nonlinear guardedness: Obliviator achieves nonlinear guardedness, capturing the full trade-off217

curve across all scenarios and datasets. This outcome is expected, as we explicitly enforce HSIC =218

0 via (6), which captures nonlinear dependencies and ensures statistical independence. In contrast,219

existing methods fail to achieve full erasure—this shortcoming is especially evident in the fine-tuned220

setting. Notably, the gap between full erasure (i.e., random chance) and the best-performing baseline221

is 12%, 13%, 14% for DIAL-MENTION, DIAL-SENTIMENT, and BIAS IN BIOS, respectively, in222

Figure 3. Similar gaps of 12%, 9%, 8% are observed in Figure 4.223

Empirical upper bound: While concept erasure methods are typically evaluated based on their224

ability to achieve full linear or nonlinear guardedness, such evaluations overlook how competing225

objectives interact throughout the erasure process. Studying trade-offs provides deeper insight226

into this interaction, offering a more comprehensive assessment of a method’s performance and227

its optimization framework. Obliviator consistently outperforms all baselines, achieving higher Y228

accuracy at every level of S accuracy across all scenarios and datasets. This underlies the effectiveness229

of the algorithm used in our method. Notably, capturing dependence in closed-form by HSIC in230

adversarial training (13) followed by closed-form encoders from RKHS (11) to refine the feature231

space provides a consistent optimization framework.232

Trade-off Profile: Comparing datasets in Figure 3 and Figure 4, we observe a more pronounced233

trade-off under the frozen+unsupervised configuration in Obliviator. While this is expected based on234

intuition—since the two settings lie at opposite ends of the erasure difficulty spectrum—it serves as235

strong evidence that the observed trade-off arises from optimization challenges, rather than reflecting236

an inherent, unavoidable trade-off in the problem itself.237
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loss in (2) and the disentanglement process in (5). Notably, utilizing RKHS to formulate these two
components in closed-form is a key contributor to the consistency of our optimization.

Cost of Erasure: Comparing the trade-off curves for each dataset across the different setups in
Figure 2 and ??, we observe a more noticeable trade-off in the frozen+unsupervised scenario. This
is consistent with our discussion in Section 1.1. The key difference is that Y provides an explicit
proxy for the task-relevant modes. In contrast, X and Xi are implicit proxies; the optimization’s
priority for the task-relevant modes depends on how those modes are weighted relative to all other
information encoded within these RVs. Therefore, preserving Y -relevant information is more likely
in the supervised erasure setup. This distinction is particularly evident in DIAL-MENTION and
DIAL-SENTIMENT, where Obliviator preserves mention/sentiment information with minimal utility
loss while successfully erasing race-related information.Effect of Y Visibility on Erasure: To distinguish the effect of the Y label on supervised era-
sure from its effect via fine-tuning, we examine two key scenarios: Frozen+Supervised and Fine-
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Figure 4: Frozen+Unsupervised Erasure : Comparison of Obliviator and baselines with frozen rep-
resentations. In unsupervised erasure, target labels are not used during erasure—a more challenging
setting in which we observe a more pronounced trade-off, as expected, compared to Figure 3.

Finetuned+Supervised: All methods use fine-tuned representations, and Obliviator additionally uses209

target labels during erasure—this aligns with settings used by baselines like FaRM and AdS for a210

fair comparison (see Figure 3). Frozen+Unsupervised: Original representations are used without211

finetuning (i.e., frozen), and target labels are not employed during erasure by Obliviator—this212

defines a more challenging setting (see Figure 4). Intermediate cases: To complete our analysis213

regarding the effects of finetuning and target label availability, we also evaluate Obliviator under (i)214

Frozen + Supervised and (ii) Finetuned+Unsupervised configurations (see Figure 5). Based on these215

experiments we make the following observations :216

Nonlinear guardedness: Obliviator achieves nonlinear guardedness, capturing the full trade-off217

curve across all scenarios and datasets. This outcome is expected, as we explicitly enforce HSIC =218

0 via (6), which captures nonlinear dependencies and ensures statistical independence. In contrast,219

existing methods fail to achieve full erasure—this shortcoming is especially evident in the fine-tuned220

setting. Notably, the gap between full erasure (i.e., random chance) and the best-performing baseline221

is 12%, 13%, 14% for DIAL-MENTION, DIAL-SENTIMENT, and BIAS IN BIOS, respectively, in222

Figure 3. Similar gaps of 12%, 9%, 8% are observed in Figure 4.223

Empirical upper bound: While concept erasure methods are typically evaluated based on their224

ability to achieve full linear or nonlinear guardedness, such evaluations overlook how competing225

objectives interact throughout the erasure process. Studying trade-offs provides deeper insight226

into this interaction, offering a more comprehensive assessment of a method’s performance and227

its optimization framework. Obliviator consistently outperforms all baselines, achieving higher Y228

accuracy at every level of S accuracy across all scenarios and datasets. This underlies the effectiveness229

of the algorithm used in our method. Notably, capturing dependence in closed-form by HSIC in230

adversarial training (13) followed by closed-form encoders from RKHS (11) to refine the feature231

space provides a consistent optimization framework.232

Trade-off Profile: Comparing datasets in Figure 3 and Figure 4, we observe a more pronounced233

trade-off under the frozen+unsupervised configuration in Obliviator. While this is expected based on234

intuition—since the two settings lie at opposite ends of the erasure difficulty spectrum—it serves as235

strong evidence that the observed trade-off arises from optimization challenges, rather than reflecting236

an inherent, unavoidable trade-off in the problem itself.237

7

Obliviator Reveals : Effect of Target Task Labels on Erasure

PLM : BERTRepresentation: Finetuned



50 55 60 65 70 75 80
50

55

60

65

70

75

80

Race Acc.

M
en

tio
n

A
cc

.

(a) DIAL-MENTION

65 70 75 80 85
55

60

65

70

75

Race Acc.
Se

nt
im

en
tA

cc
.

FaRM
KRaM
AdS
INLP
kSAL

Fz+Unsup
Fz+Sup

Fd+Unsup
Fd+Sup

Random Chance

(b) DIAL-SENTIMENT

Unsupervised

Supervised

Unsupervised

Supervised

Obliviator Consistently Outperforms Baselines Across Experimental Setup.

Obliviator Reveals : Effect of Target Task Labels on Erasure



Obliviator Reveals : Erasure Uncovers Representation Structure



60 70 80 90 100
30

40

50

60

70

80

Gender Acc.

Pr
of

es
si

on
A

cc
.

(a) DeepSeek Representations

60 70 80 90 100
30

40

50

60

70

80

Gender Acc.
Pr

of
es

si
on

A
cc

.

FaRM
KRaM
INLP

Unsup-BERT
Sup-BERT

Unsup.
Sup.

Random Chance

(b) LLaMA Representations

Figure 9: Erasure Across Different PLMs Compared to BERT. The figure shows supervised and
unsupervised erasure using frozen representations from GPT-2, DeepSeek, and Llama on BIAS IN
BIOS.

Takeaway 1. In supervised erasure, Obliviator utilizes an explicit term to observe Y -relevant
information via witness functions ((2) and (5)). This provides a direct optimization signal that is
more likely to preserve utility, especially in the final stages where erasure targets more entangled
information.
Takeaway 2. In unsupervised erasure, the initial visibility of Y -relevant information affects its
priority in the competition of objectives when measured via the implicit proxies (X and Xi),
determining its preservation during erasure.

2.2 How does Obliviator generalize across different language models?
Here, we examine the generalizability of Obliviator across different PLMs. We hypothesize that more
capable models learn representations that are inherently better disentangled. Our goal is to investigate
how this improved disentanglement is reflected in the utility-erasure trade-off. We use frozen BIAS IN
BIOS representations from GPT-2, LLaMa, and DeepSeek. Examining the results shown in Figure 9,
we observe:

GPT-2 Representations: The trade-off profile of GPT-2 closely matches that of BERT in both erasure
schemes, an expected result given their comparable model complexity. However, the performance
of several baselines, including INLP, FaRM, and KRaM, degrades on GPT-2. Notably, FaRM and
KRaM drop to near random-chance accuracy on the target task.

Llama Representations: Compared to BERT, we observe clear improvements in both erasure schemes.
As LLaMa provide representations with better initial disentanglement of Y and S, Obliviator leverages
this to achieve a more utility-preserving erasure. This result demonstrates the generalizability of our
method and the effectiveness of its optimization approach. The performance of FaRM and INLP
remains largely unchanged from BERT, and while KRaM shows some improvement, it still fails to
achieve full erasure. Notably, Obliviator consistently outperforms all baselines.

DeepSeek Representations: In the unsupervised erasure, DeepSeek representations yield a perfor-
mance improvement over BERT similar to that observed with LLaMa. Among the baselines, KRaM’s
erasure performance improves compared to its results on Llama representations, while FaRM’s be-
havior remains roughly unchanged. For target task accuracy, KRaM’s performance degrades, whereas
FaRM shows some improvement. Obliviator consistently outperforms all baselines. Interestingly,
in supervised erasure, we observe a significant improvement in the trade-off profile, with only mild
degradation in target accuracy as erasure completes. This demonstrates that achieving full erasure
on the BIAS IN BIOS dataset while maintaining substantial target task information is possible. This
strongly suggests that the observed utility-erasure trade-off is a diagnostic of the specific model’s
learned dependencies, not necessarily an inherent real-world link.

Takeaway . With better disentangled representations learned by more capable PLMs, Obliviator’s
erasure becomes more utility-preserving, indicating its strong generalizability.

2.3 How does biased sampling or data skewness affect the erasure?
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Figure 3: Finetuned+Supervised Erasure : Comparison of Obliviator with baselines with fine-tuned
representations, which are common to all methods on three different datasets. In addition, Obliviator
leverages target labels during the erasure process—referred to as supervised erasure in our approach.
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Figure 4: Frozen+Unsupervised Erasure : Comparison of Obliviator and baselines with frozen rep-
resentations. In unsupervised erasure, target labels are not used during erasure—a more challenging
setting in which we observe a more pronounced trade-off, as expected, compared to Figure 3.

Finetuned+Supervised: All methods use fine-tuned representations, and Obliviator additionally uses209

target labels during erasure—this aligns with settings used by baselines like FaRM and AdS for a210

fair comparison (see Figure 3). Frozen+Unsupervised: Original representations are used without211

finetuning (i.e., frozen), and target labels are not employed during erasure by Obliviator—this212

defines a more challenging setting (see Figure 4). Intermediate cases: To complete our analysis213

regarding the effects of finetuning and target label availability, we also evaluate Obliviator under (i)214

Frozen + Supervised and (ii) Finetuned+Unsupervised configurations (see Figure 5). Based on these215

experiments we make the following observations :216

Nonlinear guardedness: Obliviator achieves nonlinear guardedness, capturing the full trade-off217

curve across all scenarios and datasets. This outcome is expected, as we explicitly enforce HSIC =218

0 via (6), which captures nonlinear dependencies and ensures statistical independence. In contrast,219

existing methods fail to achieve full erasure—this shortcoming is especially evident in the fine-tuned220

setting. Notably, the gap between full erasure (i.e., random chance) and the best-performing baseline221

is 12%, 13%, 14% for DIAL-MENTION, DIAL-SENTIMENT, and BIAS IN BIOS, respectively, in222

Figure 3. Similar gaps of 12%, 9%, 8% are observed in Figure 4.223

Empirical upper bound: While concept erasure methods are typically evaluated based on their224

ability to achieve full linear or nonlinear guardedness, such evaluations overlook how competing225

objectives interact throughout the erasure process. Studying trade-offs provides deeper insight226

into this interaction, offering a more comprehensive assessment of a method’s performance and227

its optimization framework. Obliviator consistently outperforms all baselines, achieving higher Y228

accuracy at every level of S accuracy across all scenarios and datasets. This underlies the effectiveness229

of the algorithm used in our method. Notably, capturing dependence in closed-form by HSIC in230

adversarial training (13) followed by closed-form encoders from RKHS (11) to refine the feature231

space provides a consistent optimization framework.232

Trade-off Profile: Comparing datasets in Figure 3 and Figure 4, we observe a more pronounced233

trade-off under the frozen+unsupervised configuration in Obliviator. While this is expected based on234

intuition—since the two settings lie at opposite ends of the erasure difficulty spectrum—it serves as235

strong evidence that the observed trade-off arises from optimization challenges, rather than reflecting236

an inherent, unavoidable trade-off in the problem itself.237
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Figure 9: Erasure Across Different PLMs Compared to BERT. The figure shows supervised and
unsupervised erasure using frozen representations from GPT-2, DeepSeek, and Llama on BIAS IN
BIOS.

Takeaway 1. In supervised erasure, Obliviator utilizes an explicit term to observe Y -relevant
information via witness functions ((2) and (5)). This provides a direct optimization signal that is
more likely to preserve utility, especially in the final stages where erasure targets more entangled
information.
Takeaway 2. In unsupervised erasure, the initial visibility of Y -relevant information affects its
priority in the competition of objectives when measured via the implicit proxies (X and Xi),
determining its preservation during erasure.

2.2 How does Obliviator generalize across different language models?
Here, we examine the generalizability of Obliviator across different PLMs. We hypothesize that more
capable models learn representations that are inherently better disentangled. Our goal is to investigate
how this improved disentanglement is reflected in the utility-erasure trade-off. We use frozen BIAS IN
BIOS representations from GPT-2, LLaMa, and DeepSeek. Examining the results shown in Figure 9,
we observe:

GPT-2 Representations: The trade-off profile of GPT-2 closely matches that of BERT in both erasure
schemes, an expected result given their comparable model complexity. However, the performance
of several baselines, including INLP, FaRM, and KRaM, degrades on GPT-2. Notably, FaRM and
KRaM drop to near random-chance accuracy on the target task.

Llama Representations: Compared to BERT, we observe clear improvements in both erasure schemes.
As LLaMa provide representations with better initial disentanglement of Y and S, Obliviator leverages
this to achieve a more utility-preserving erasure. This result demonstrates the generalizability of our
method and the effectiveness of its optimization approach. The performance of FaRM and INLP
remains largely unchanged from BERT, and while KRaM shows some improvement, it still fails to
achieve full erasure. Notably, Obliviator consistently outperforms all baselines.

DeepSeek Representations: In the unsupervised erasure, DeepSeek representations yield a perfor-
mance improvement over BERT similar to that observed with LLaMa. Among the baselines, KRaM’s
erasure performance improves compared to its results on Llama representations, while FaRM’s be-
havior remains roughly unchanged. For target task accuracy, KRaM’s performance degrades, whereas
FaRM shows some improvement. Obliviator consistently outperforms all baselines. Interestingly,
in supervised erasure, we observe a significant improvement in the trade-off profile, with only mild
degradation in target accuracy as erasure completes. This demonstrates that achieving full erasure
on the BIAS IN BIOS dataset while maintaining substantial target task information is possible. This
strongly suggests that the observed utility-erasure trade-off is a diagnostic of the specific model’s
learned dependencies, not necessarily an inherent real-world link.

Takeaway . With better disentangled representations learned by more capable PLMs, Obliviator’s
erasure becomes more utility-preserving, indicating its strong generalizability.

2.3 How does biased sampling or data skewness affect the erasure?
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Figure 3: Finetuned+Supervised Erasure : Comparison of Obliviator with baselines with fine-tuned
representations, which are common to all methods on three different datasets. In addition, Obliviator
leverages target labels during the erasure process—referred to as supervised erasure in our approach.
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Figure 4: Frozen+Unsupervised Erasure : Comparison of Obliviator and baselines with frozen rep-
resentations. In unsupervised erasure, target labels are not used during erasure—a more challenging
setting in which we observe a more pronounced trade-off, as expected, compared to Figure 3.

Finetuned+Supervised: All methods use fine-tuned representations, and Obliviator additionally uses209

target labels during erasure—this aligns with settings used by baselines like FaRM and AdS for a210

fair comparison (see Figure 3). Frozen+Unsupervised: Original representations are used without211

finetuning (i.e., frozen), and target labels are not employed during erasure by Obliviator—this212

defines a more challenging setting (see Figure 4). Intermediate cases: To complete our analysis213

regarding the effects of finetuning and target label availability, we also evaluate Obliviator under (i)214

Frozen + Supervised and (ii) Finetuned+Unsupervised configurations (see Figure 5). Based on these215

experiments we make the following observations :216

Nonlinear guardedness: Obliviator achieves nonlinear guardedness, capturing the full trade-off217

curve across all scenarios and datasets. This outcome is expected, as we explicitly enforce HSIC =218

0 via (6), which captures nonlinear dependencies and ensures statistical independence. In contrast,219

existing methods fail to achieve full erasure—this shortcoming is especially evident in the fine-tuned220

setting. Notably, the gap between full erasure (i.e., random chance) and the best-performing baseline221

is 12%, 13%, 14% for DIAL-MENTION, DIAL-SENTIMENT, and BIAS IN BIOS, respectively, in222

Figure 3. Similar gaps of 12%, 9%, 8% are observed in Figure 4.223

Empirical upper bound: While concept erasure methods are typically evaluated based on their224

ability to achieve full linear or nonlinear guardedness, such evaluations overlook how competing225

objectives interact throughout the erasure process. Studying trade-offs provides deeper insight226

into this interaction, offering a more comprehensive assessment of a method’s performance and227

its optimization framework. Obliviator consistently outperforms all baselines, achieving higher Y228

accuracy at every level of S accuracy across all scenarios and datasets. This underlies the effectiveness229

of the algorithm used in our method. Notably, capturing dependence in closed-form by HSIC in230

adversarial training (13) followed by closed-form encoders from RKHS (11) to refine the feature231

space provides a consistent optimization framework.232

Trade-off Profile: Comparing datasets in Figure 3 and Figure 4, we observe a more pronounced233

trade-off under the frozen+unsupervised configuration in Obliviator. While this is expected based on234

intuition—since the two settings lie at opposite ends of the erasure difficulty spectrum—it serves as235

strong evidence that the observed trade-off arises from optimization challenges, rather than reflecting236

an inherent, unavoidable trade-off in the problem itself.237
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Figure 9: Erasure Across Different PLMs Compared to BERT. The figure shows supervised and
unsupervised erasure using frozen representations from GPT-2, DeepSeek, and Llama on BIAS IN
BIOS.

Takeaway 1. In supervised erasure, Obliviator utilizes an explicit term to observe Y -relevant
information via witness functions ((2) and (5)). This provides a direct optimization signal that is
more likely to preserve utility, especially in the final stages where erasure targets more entangled
information.
Takeaway 2. In unsupervised erasure, the initial visibility of Y -relevant information affects its
priority in the competition of objectives when measured via the implicit proxies (X and Xi),
determining its preservation during erasure.

2.2 How does Obliviator generalize across different language models?
Here, we examine the generalizability of Obliviator across different PLMs. We hypothesize that more
capable models learn representations that are inherently better disentangled. Our goal is to investigate
how this improved disentanglement is reflected in the utility-erasure trade-off. We use frozen BIAS IN
BIOS representations from GPT-2, LLaMa, and DeepSeek. Examining the results shown in Figure 9,
we observe:

GPT-2 Representations: The trade-off profile of GPT-2 closely matches that of BERT in both erasure
schemes, an expected result given their comparable model complexity. However, the performance
of several baselines, including INLP, FaRM, and KRaM, degrades on GPT-2. Notably, FaRM and
KRaM drop to near random-chance accuracy on the target task.

Llama Representations: Compared to BERT, we observe clear improvements in both erasure schemes.
As LLaMa provide representations with better initial disentanglement of Y and S, Obliviator leverages
this to achieve a more utility-preserving erasure. This result demonstrates the generalizability of our
method and the effectiveness of its optimization approach. The performance of FaRM and INLP
remains largely unchanged from BERT, and while KRaM shows some improvement, it still fails to
achieve full erasure. Notably, Obliviator consistently outperforms all baselines.

DeepSeek Representations: In the unsupervised erasure, DeepSeek representations yield a perfor-
mance improvement over BERT similar to that observed with LLaMa. Among the baselines, KRaM’s
erasure performance improves compared to its results on Llama representations, while FaRM’s be-
havior remains roughly unchanged. For target task accuracy, KRaM’s performance degrades, whereas
FaRM shows some improvement. Obliviator consistently outperforms all baselines. Interestingly,
in supervised erasure, we observe a significant improvement in the trade-off profile, with only mild
degradation in target accuracy as erasure completes. This demonstrates that achieving full erasure
on the BIAS IN BIOS dataset while maintaining substantial target task information is possible. This
strongly suggests that the observed utility-erasure trade-off is a diagnostic of the specific model’s
learned dependencies, not necessarily an inherent real-world link.

Takeaway . With better disentangled representations learned by more capable PLMs, Obliviator’s
erasure becomes more utility-preserving, indicating its strong generalizability.

2.3 How does biased sampling or data skewness affect the erasure?
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Figure 3: Finetuned+Supervised Erasure : Comparison of Obliviator with baselines with fine-tuned
representations, which are common to all methods on three different datasets. In addition, Obliviator
leverages target labels during the erasure process—referred to as supervised erasure in our approach.
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Figure 4: Frozen+Unsupervised Erasure : Comparison of Obliviator and baselines with frozen rep-
resentations. In unsupervised erasure, target labels are not used during erasure—a more challenging
setting in which we observe a more pronounced trade-off, as expected, compared to Figure 3.

Finetuned+Supervised: All methods use fine-tuned representations, and Obliviator additionally uses209

target labels during erasure—this aligns with settings used by baselines like FaRM and AdS for a210

fair comparison (see Figure 3). Frozen+Unsupervised: Original representations are used without211

finetuning (i.e., frozen), and target labels are not employed during erasure by Obliviator—this212

defines a more challenging setting (see Figure 4). Intermediate cases: To complete our analysis213

regarding the effects of finetuning and target label availability, we also evaluate Obliviator under (i)214

Frozen + Supervised and (ii) Finetuned+Unsupervised configurations (see Figure 5). Based on these215

experiments we make the following observations :216

Nonlinear guardedness: Obliviator achieves nonlinear guardedness, capturing the full trade-off217

curve across all scenarios and datasets. This outcome is expected, as we explicitly enforce HSIC =218

0 via (6), which captures nonlinear dependencies and ensures statistical independence. In contrast,219

existing methods fail to achieve full erasure—this shortcoming is especially evident in the fine-tuned220

setting. Notably, the gap between full erasure (i.e., random chance) and the best-performing baseline221

is 12%, 13%, 14% for DIAL-MENTION, DIAL-SENTIMENT, and BIAS IN BIOS, respectively, in222

Figure 3. Similar gaps of 12%, 9%, 8% are observed in Figure 4.223

Empirical upper bound: While concept erasure methods are typically evaluated based on their224

ability to achieve full linear or nonlinear guardedness, such evaluations overlook how competing225

objectives interact throughout the erasure process. Studying trade-offs provides deeper insight226

into this interaction, offering a more comprehensive assessment of a method’s performance and227

its optimization framework. Obliviator consistently outperforms all baselines, achieving higher Y228

accuracy at every level of S accuracy across all scenarios and datasets. This underlies the effectiveness229

of the algorithm used in our method. Notably, capturing dependence in closed-form by HSIC in230

adversarial training (13) followed by closed-form encoders from RKHS (11) to refine the feature231

space provides a consistent optimization framework.232

Trade-off Profile: Comparing datasets in Figure 3 and Figure 4, we observe a more pronounced233

trade-off under the frozen+unsupervised configuration in Obliviator. While this is expected based on234

intuition—since the two settings lie at opposite ends of the erasure difficulty spectrum—it serves as235

strong evidence that the observed trade-off arises from optimization challenges, rather than reflecting236

an inherent, unavoidable trade-off in the problem itself.237
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