
CausalDetox: Causal Head Selection and Intervention for Language Model
Detoxification

Anonymous ACL submission

Abstract001

Large language models (LLMs) frequently gen-002
erate toxic content, posing significant risks for003
safe deployment. Current mitigation strate-004
gies often degrade generation quality or re-005
quire costly human annotation. We propose006
CAUSALDETOX, a framework that identifies007
and intervenes on the specific attention heads008
causally responsible for toxic generation. Us-009
ing the Probability of Necessity and Sufficiency010
(PNS), we isolate a minimal set of heads that011
are necessary and sufficient for toxicity. We uti-012
lize these components via two complementary013
strategies: (1) Local Inference-Time Interven-014
tion, which constructs dynamic, input-specific015
steering vectors for context-aware detoxifica-016
tion, and (2) PNS-Guided Fine-Tuning, which017
permanently unlearns toxic representations.018
We also introduce PARATOX, a novel bench-019
mark of aligned toxic/non-toxic sentence pairs020
enabling controlled counterfactual evaluation.021
Experiments on ToxiGen, ImplicitHate, and Pa-022
raDetox show that CAUSALDETOX achieves023
up to 5.34% greater toxicity reduction com-024
pared to baselines while preserving linguistic025
fluency, and offers a 7× speedup in head selec-026
tion.027

1 Introduction028

Large language models (LLMs) have significantly029

advanced natural language generation, achieving030

state-of-the-art performance across a wide range031

of tasks. Despite their advancements, LLMs con-032

tinue to pose serious safety concerns due to their033

propensity for generating toxic, biased, or other-034

wise harmful content (Gehman et al., 2020; Welbl035

et al., 2021). Addressing these issues is crucial for036

the responsible and ethical deployment of LLMs in037

real-world applications.038

Previous detoxification approaches have pri-039

marily involved lexical filtering, adversarial train-040

ing, reinforcement learning from human feedback041

(RLHF), and supervised fine-tuning using care-042

fully curated datasets (Bai et al., 2022; Ouyang 043

et al., 2022). While these methods achieve varying 044

degrees of success, each presents notable limita- 045

tions. Lexical filtering often disrupts semantic co- 046

herence and can fail to account for subtle, context- 047

dependent toxicity (Welbl et al., 2021). Methods 048

based on RLHF or supervised fine-tuning require 049

extensive human annotation, which is costly, can 050

lead to the inadvertent suppression of nuanced lan- 051

guage or subtle concepts (Xu et al., 2021), and may 052

raise concerns about annotator well-being due to 053

the repetitive or potentially harmful nature of the 054

content being reviewed. More recent model-based 055

approaches, such as direct preference optimiza- 056

tion (Lee et al., 2024) or activation patching (Ro- 057

driguez et al., 2024), typically involve extensive 058

modification of model parameters, potentially de- 059

grading unrelated model capabilities and reducing 060

overall model generalization. 061

To overcome these challenges, we propose 062

CAUSALDETOX, a principled framework that iden- 063

tifies and intervenes on the specific attention heads 064

that causally linked to toxic generation. Inspired 065

by causal representation learning(Suter et al., 2019; 066

Locatello et al., 2020; Schölkopf et al., 2021), we 067

utilize the Probability of Necessity and Sufficiency 068

(PNS) to quantify the causal influence of each head. 069

Unlike correlation-based heuristics, PNS isolates 070

a minimal set of heads that are both necessary and 071

sufficient for encoding toxicity. This precise local- 072

ization enables us to mitigate toxicity efficiently 073

through targeted steering and unlearning. 074

We then intervene on these heads in three com- 075

plementary ways: (i) global inference-time inter- 076

vention to steer activations away from toxic di- 077

rections, (ii) a local inference-time intervention 078

that constructs input-dependent steering vectors for 079

context-aware detoxification, and (iii) PNS-guided 080

fine-tuning that further concentrates toxic repre- 081

sentations within the selected heads. We evaluate 082

our method on ParaDetox (Logacheva et al., 2022) 083

1



and introduce PARATOX, a benchmark of aligned084

toxic–non-toxic sentence pairs constructed by para-085

phrasing ToxiGen (Hartvigsen et al., 2022) and Im-086

plicitHate (ElSherief et al., 2021a) examples using087

Vicuna-13B (Chiang et al., 2023). Each pair con-088

sists of toxic and non-toxic paraphrases, enabling089

fine-grained evaluation. PARATOX will be released090

publicly.091

In summary, our main contributions are:092

• CAUSALDETOX Benchmark: We construct093

PARATOX, a new benchmark of aligned094

toxic–non-toxic sentence pairs generated by095

paraphrasing ToxiGen (Hartvigsen et al.,096

2022) and ImplicitHate (ElSherief et al.,097

2021a) using Vicuna-13B (Chiang et al.,098

2023). This benchmark provides the coun-099

terfactual ground truth necessary for rigorous100

causal evaluation and controlled detoxifica-101

tion experiments.102

• A causal criterion for head selection: We103

propose a novel selection criterion based104

on the probability of necessity and suffi-105

ciency (PNS) to identify attention heads106

causally responsible for toxic generation. Un-107

like prior correlation-based approaches, our108

method enables more targeted interventions109

with stronger toxicity reduction while preserv-110

ing language fluency.111

• Context-Aware Local Intervention: We in-112

troduce a local inference-time intervention113

strategy that constructs input-specific steering114

vectors by aggregating activation differences115

from semantically similar examples in rep-116

resentation space, which better captures the117

heterogeneity of toxic expressions across con-118

texts, allowing more fine-grained and adaptive119

detoxification than global intervention alone120

while preserving generation quality.121

• PNS-guided fine-tuning for disentangled122

toxicity representations: We further leverage123

the PNS lower bound as a training objective124

to fine-tune the selected attention heads, en-125

couraging them to become both necessary and126

sufficient for encoding toxicity. This feature127

concentration strategy disentangles toxic sig-128

nals from benign linguistic features, making129

subsequent inference-time interventions more130

precise and effective.131

2 Related Work 132

2.1 Detoxification in LLMs 133

Detoxification techniques for LLMs include lex- 134

ical, reinforcement learning, and model-editing 135

approaches. Early work applied lexical or rule- 136

based filters to remove toxic tokens, but these 137

risk semantic loss and fail to capture context- 138

dependent toxicity (Gehman et al., 2020; Welbl 139

et al., 2021). Reinforcement learning from human 140

feedback (RLHF) and supervised fine-tuning on 141

curated toxicity datasets improve safety but require 142

extensive human annotation and may inadvertently 143

suppress benign language, particularly minority 144

voices (Bai et al., 2022; Ouyang et al., 2022; Xu 145

et al., 2021). More recent methods perform targeted 146

model edits: direct preference optimization (DPO) 147

aligns generations towards harmlessness via modi- 148

fied loss functions (Lee et al., 2024; Rafailov et al., 149

2023), activation patching replaces harmful activa- 150

tion patterns with safe ones (Rodriguez et al., 2024; 151

Meng et al., 2022), and subspace steering projects 152

hidden states onto toxicity-averse directions (Han 153

et al., 2024; Ko et al., 2024). Expert/anti-expert 154

frameworks train auxiliary models to rewrite out- 155

puts toward safety (Hallinan et al., 2022), while ad- 156

versarial safety pipelines guard against malicious 157

prompts (Zhao et al., 2024; Dinan et al., 2019; Up- 158

paal et al., 2024). However, many of these rely 159

on correlation-based heuristics, retraining, or fine- 160

tuning, thus is computationally expensive. 161

2.2 Causal Representation Learning for 162

Alignment 163

Causal representation learning (CRL) seeks to 164

identify and manipulate latent generative factors 165

under principled causal assumptions (Schölkopf 166

et al., 2021). A foundational desideratum for 167

such representations is articulated by Wang and 168

Jordan (2021), where the authors provided for- 169

malized criteria, i.e., the probability of necessity 170

and sufficiency, that guarantee the identification of 171

meaningful latent features. Recent analyses indi- 172

cate that transformer self-attention encodes struc- 173

tured causal dependencies between tokens (Ro- 174

hekar et al., 2024; Nichani et al., 2024), motivat- 175

ing causal approaches to detoxification. Causal 176

tracing methods locate toxicity pathways in net- 177

work circuits but often lack principled intervention 178

mechanisms (Meng et al., 2022). Concept-based 179

CRL relaxes strict interventional requirements by 180

recovering interpretable concepts through condi- 181
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tioning rather than exhaustive interventions (Rajen-182

dran et al., 2024), yet has not been fully leveraged183

for fine-grained, context-sensitive detoxification184

in LLMs. In our work, we apply the PNS lower185

bound criterion from Wang and Jordan (2021) to186

rigorously enforce causal representation learning187

and precisely identify toxicity-sensitive activation188

components for targeted intervention.189

2.3 Inference-Time Intervention-Based190

Methods191

Inference-time intervention method modifies192

model behavior without weight updates. Plug-and-193

Play Language Models (PPLM) use gradient-based194

updates to steer hidden states toward desired at-195

tributes during generation (Dathathri et al., 2019).196

GeDi employs small generative discriminators as197

controllers that adjust token probabilities for tar-198

geted attributes (Krause et al., 2020). Direct Prefer-199

ence Optimization (DPO) shows that training LMs200

with certain loss modifications can be interpreted201

as reward modeling, influencing inference distribu-202

tions (Rafailov et al., 2023). Activation patching203

and causal intervention techniques replace or per-204

turb internal activations in critical layers to effect205

behavioral changes (Meng et al., 2022; Rodriguez206

et al., 2024). More recently, Li et al. (2023) in-207

troduced Inference-Time Intervention (ITI), which208

identifies linear “steering directions” in selected209

activation subspaces (e.g., neuron or head outputs)210

and adds controlled offsets during generation to im-211

prove truthfulness or other attributes. These meth-212

ods demonstrate that small, targeted adjustments to213

latent activations can yield large gains in desired214

behavior while preserving overall fluency, offering215

a lightweight alternative to full fine-tuning.216

3 Preliminaries217

In this section, we first introduce the notation218

for transformer-based LLMs. We then review219

the causal definitions of necessity and suffi-220

ciency (Wang and Jordan, 2022) and the Inference-221

Time Intervention (ITI) framework (Li et al., 2023).222

We use bold uppercase (e.g., X) to denote random223

vectors and bold lowercase (e.g., x) for specific224

feature vectors.225

3.1 Large Language Models226

Consider a transformer-based language modelM227

with L layers, each containing H attention heads.228

Given an input token sequence x = [x1, . . . , xt],229

the model computes hidden states through a se- 230

ries of self-attention mechanisms. Within layer ℓ, 231

the output of the h-th attention head is a vector 232

z(ℓ,h) ∈ Rd. The model autoregressively generates 233

the next token yt based on the conditional distribu- 234

tion P (yt|x, y<t). 235

3.2 Probabilities of Necessity and Sufficiency 236

We adopt the counterfactual formalism of Wang 237

and Jordan (Wang and Jordan, 2022) to measure 238

how necessary and/or sufficient a feature is for 239

predicting a target label. Let Z ∈ {0, 1} be a 240

binary feature extracted from a high-dimensional 241

input X , and Y ∈ {0, 1} the corresponding label. 242

The counterfactual label had we set Z to a value z 243

is denoted Y (Z = z). The following definitions 244

measure how necessary or sufficient Z is for Y 245

(Wang and Jordan (2022) Definitions 1-3). 246

Definition 1 (Probability of Necessity (PN)).

PNz,y := P (Y (Z ̸= z) ̸= y |Z = z, Y = y) 247

Definition 2 (Probability of Sufficiency (PS)).

PSz,y := P (Y (Z = z) = y |Z ̸= z, Y ̸= y) 248

Definition 3 (Probability of Necessity and Suffi- 249

ciency (PNS)).

PNSz,y := P (Y (Z ̸= z) ̸= y, Y (Z = z) = y) 250

Intuitively, a high PNS score indicates that fea- 251

ture Z is the primary driver of Y : Y occurs if and 252

only if Z occurs. We use this metric to identify 253

attention heads that are fundamental to toxic gener- 254

ation. 255

3.3 Inference-Time Intervention 256

Inference-Time Intervention (Li et al., 2023) steers 257

model behavior by shifting activations during the 258

forward pass. Standard ITI identifies a set of "truth- 259

ful" heads using linear probes and computes a steer- 260

ing vector v(ℓ,h) representing the direction of the 261

target concept. In our case, we aim to suppress the 262

concept of toxicity. 263

Let z(ℓ,h)(x) denote the activation of head h in 264

layer ℓ for the input x. In Li et al. (2024), the 265

authors train linear classifiers over the activations 266

of all attention heads to predict the presence of a 267

target concept in the input. For each selected head, 268

an intervention vector δ(ℓ,h) is computed to shift 269

the activation away from the direction associated 270
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with toxicity. Formally, the intervention is defined271

as:272

δ(ℓ,h) = α · σ(ℓ,h) · v(ℓ,h), (1)273

where α is a scaling hyperparameter, σ(ℓ,h) is the274

standard deviation of the head’s activations along275

the intervention direction, and v(ℓ,h) is the mean276

difference of the activations between the non-toxic277

and toxic pairs:278

v(ℓ,h) =
1

n

n∑
(z(ℓ,h)(x−)− z(ℓ,h)(x+)) (2)279

where x− and x+ are the generated toxic and non-280

toxic paraphrases based on inputs x, and the gener-281

ation is introduced in Section 5.1.282

During the generation, we apply the intervention283

as:284

z(ℓ,h)(x)← z(ℓ,h)(x) + δ(ℓ,h). (3)285

Crucially, standard ITI selects heads based on prob-286

ing accuracy. In contrast, our approach replaces287

this heuristic with the PNS causal criterion to select288

heads that are mechanistically responsible for the289

output.290

4 Method291

We propose CAUSALDETOX, a framework for292

identifying and mitigating toxicity in LLMs by in-293

tervening on the specific components causally re-294

sponsible for harmful generation. CAUSALDETOX295

proceeds in two stages: (1) Causal Head Identifi-296

cation, where we use the Probability of Necessity297

and Sufficiency (PNS) to select a minimal set of298

attention heads Htoxic; and (2) Causal Interven-299

tion, where we apply either inference-time steer-300

ing (Global/Local) or fine-tuning to these selected301

heads.302

4.1 Identify Causally-Relevant Attention303

Heads304

To isolate the mechanism of toxicity, we aim to305

select attention heads that are both necessary and306

sufficient for the generation of toxic tokens. Let307

z(ℓ,h) denote the output activation of head h in308

layer ℓ, and let Y be the binary toxicity label where309

y = 1 is toxic, y = 0 is non-toxic.310

Computing the exact PNS requires observing311

counterfactuals, which is infeasible. Therefore, we312

adapt a tractable lower bound on log(PNSZ,Y ) de-313

rived by Wang and Jordan (2022), where Z denotes314

the attention head output and Y the toxicity label,315

which can be estimated from observational data un-316

der mild assumptions. We estimate this bound for317

every attention head using the observational data 318

D = {(xi, yi)}ni=1 (For the ease of notation, we 319

omit (ℓ, h) for the rest of this section and use z to 320

denote the output of an attention head.): 321

log PNS(Z, Y )

=
1

2σ2

n∑
i=1

[ d∑
j=1

βj(z
j
i − E[zji ])

2

+2

 d∑
j=1

βj(z
j
i − E[zji ])

γ⊤(ci − E[ci])

] (4) 322

Here the second super script j denotes the jth di- 323

mension of zi. The variable ci represents latent 324

confounders (inferred via a VAE), and β, γ are co- 325

efficients learned by a linear model predicting Y 326

from Z and C. 327

P (Y | Z,C)

= N
((

β0 + β⊤Z + γ⊤C
)
, σ2

)
.

(5) 328

Since C is unobserved, one can model it with a 329

probabilistic factor model. In our implementation, 330

we train a variational autoencoder (VAE) (Kingma 331

et al., 2013)) to reconstruct {zi}ni=1 and treat the 332

inferred latent mean vector as ci. As our primary 333

focus is on the application of causal criterion to 334

toxicity unlearning, we do not reproduce the deriva- 335

tions here and instead refer the reader to Wang and 336

Jordan (2022) for the details. 337

After computing the eq. (4) for all attention 338

heads (ℓ, h), we select the top-K heads with the 339

highest scores for the setHtoxic for intervention. 340

4.2 Global Inference-Time Intervention 341

OnceHtoxic is identified, we can apply Global ITI 342

(Li et al., 2023) as a baseline steering strategy. We 343

compute a fixed steering vector v
(ℓ,h)
global for each 344

selected head, defined as the mean difference be- 345

tween toxic and non-toxic activations in the valida- 346

tion set. During generation, we permanently shift 347

the activations of these heads: 348

z(ℓ,h) ← z(ℓ,h) + α · σ(ℓ,h) · v(ℓ,h)
global (6) 349

This method is efficient but assumes toxicity is 350

encoded uniformly across all contexts. 351

4.3 Local Inference-Time Intervention 352

The original inference-time intervention (ITI) 353

framework applies a global steering direction to a 354
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fixed set of attention heads, computed as the mean355

activation difference between toxic and non-toxic356

examples. This implicitly assumes that toxicity357

is encoded uniformly across the data distribution.358

However, in practice, toxic language is heteroge-359

neous. As a result, a single global direction may360

be overly coarse and fail to capture fine-grained361

variations in how toxicity manifests. To address362

this, we introduce a Local Intervention strategy that363

constructs input-specific steering vectors.364

Neighborhood Aggregation. For a given input x,365

we retrieve its k nearest neighbors in the representa-366

tion space. We then compute a local steering vector367

v
(ℓ,h)
local by aggregating the activation differences of368

these neighbors, weighted by their cosine similarity369

sj :370

v
(ℓ,h)
local(x) =

∑
j∈N (x)

exp(τsj)∑
m exp(τsm)

(z
−(ℓ,h)
j −z+(ℓ,h)

j )

(7)371

To ensure stability, we shrink this local estimate372

toward the global mean using a factor λ:373

v
(ℓ,h)
mix = (1− λ)v

(ℓ,h)
local + λv

(ℓ,h)
global (8)374

Intervention. At generation time, for each se-375

lected attention head (ℓ, h), we apply:376

z(ℓ,h) ← z(ℓ,h) + α · σ(ℓ,h) · v(ℓ,h)
mix (x) (9)377

where σ(ℓ,h) is the standard deviation of acti-378

vation differences for that head, and α controls379

intervention strength.380

By constructing steering directions from a local381

neighborhood rather than a global average, this382

approach enables more fine-grained and adaptive383

detoxification.384

4.4 PNS-Guided Fine-Tuning385

Inference-time intervention requires modifying the386

model forward pass at every step. To permanently387

unlearn toxic behavior, we propose using the PNS388

lower bound as a training objective. The goal is389

to disentangle toxicity from other semantic con-390

cepts by concentrating the causal responsibility for391

toxic generation into the selected attention heads.392

We fine-tune the projection weights θ of the se-393

lected heads Htoxic to maximize the PNS score394

with respect to the toxicity label Y , encouraging395

the representations z(ℓ,h) of these heads to become396

both necessary and sufficient for predicting toxi-397

city. This effectively isolates the "toxic concept"398

within these specific components, making them dis- 399

tinct from benign linguistic features. Formally, we 400

optimize: 401

θ∗ = argmax
θ

∑
(l,h)∈Htoxic

log PNS(Z(l,h), Y )

− λregLreg
(10) 402

where Lreg is a KL-divergence regularization term 403

to preserve fluency. This effectively disentangles 404

toxicity from the selected heads, rendering the 405

model inherently safer without requiring active 406

steering during inference. 407

5 Experiment 408

In this section, we first describe the evaluation 409

datasets in Section 5.1, covering both synthetic 410

counterfactual benchmarks and human-annotated 411

detoxification data. We then detail the experimen- 412

tal setup and baselines in Section 5.2, followed by 413

the evaluation metrics in Section 5.3. Finally, we 414

report and analyze the main results in Section 5.4, 415

including ablations that study locality, robustness, 416

and efficiency of the proposed interventions. 417

5.1 Evaluation Datasets 418

We evaluate our method on two complementary 419

datasets that capture different detoxification set- 420

tings: a synthetic counterfactual benchmark and a 421

human-curated detoxification dataset. 422

PARATOX Benchmark. We evaluate on 423

PARATOX, our synthetic benchmark of aligned 424

toxic/non-toxic paraphrase pairs. We constructed 425

PARATOX by generating semantic-preserving 426

counterfactuals from seed sentences drawn from 427

two primary sources (see Appendix A.2 for 428

details): 429

• ToxiGen (Hartvigsen et al., 2022): Targeted 430

machine-generated toxic language. 431

• Implicit Hate (ElSherief et al., 2021a): 432

Human-curated implicit hate speech. 433

This construction approximates counterfactual in- 434

terventions on the toxicity variable while pre- 435

serving semantic content. Note: In the follow- 436

ing experimental sections, references to ToxiGen 437

and Implicit Hate denote the specific subsets of 438

PARATOX derived from these respective source 439

datasets, rather than the original raw corpora. 440
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Dataset Model Toxicity Score (↓) Perplexity (↓) Fluency (↑)
Base ITI PNS Base ITI PNS Base ITI PNS

ToxiGen

LLaMA-3-8B 0.2499 ± 0.0340 0.2081 ± 0.0168 0.1829 ± 0.0035 13.01 ± 2.91 19.42 ± 1.23 13.02 ± 2.56 1.50 ± 0.36 1.49 ± 0.33 1.74 ± 0.26
Vicuna-7B 0.1778 ± 0.0128 0.1640 ± 0.0657 0.1391 ± 0.0115 12.15 ± 2.13 12.31 ± 2.40 13.08 ± 2.86 1.59 ± 0.31 1.28 ± 0.36 1.37 ± 0.20
Mistral-7B 0.1591 ± 0.0140 0.1331± 0.0047 0.1212± 0.0019 9.37 ± 1.87 10.92 ± 2.14 10.83 ± 1.23 1.65 ± 0.12 1.04 ± 0.28 1.49 ± 0.14
Qwen-7B 0.2555 ± 0.0406 0.1731 ± 0.0358 0.1524 ± 0.0263 9.53 ± 1.37 9.82± 1.76 10.26± 1.06 1.58 ± 0.25 1.14 ± 0.19 1.38 ± 0.16

Implicit Hate

LLaMA-3-8B 0.2985 ± 0.0190 0.2360± 0.0165 0.2142± 0.0181 16.38± 1.19 17.45 ± 0.48 16.98± 0.62 1.40± 0.16 1.28 ± 0.22 1.28± 0.11
Vicuna-7B 0.2278 ± 0.0213 0.1950± 0.0209 0.1547± 0.0156 14.88 ± 0.88 16.89 ± 0.92 15.15 ± 1.04 1.55 ± 0.02 1.50± 0.06 1.60 ± 0.03
Mistral-7B 0.2361 ± 0.0442 0.2171 ± 0.0403 0.1936± 0.0363 12.48± 1.13 14.25 ± 1.74 12.84± 0.95 1.62± 0.05 1.35 ± 0.10 1.59± 0.09
Qwen-7B 0.2833± 0.0363 0.1671± 0.0344 0.1446± 0.0371 16.59± 0.59 18.78± 1.70 17.5± 1.41 1.90± 0.05 1.91± 0.16 1.91± 0.11

ParaDetox

LLaMA-3-8B 0.4751± 0.0416 0.3785± 0.0529 0.3640± 0.0301 13.00 ± 0.26 14.95 ± 0.76 13.44 ± 0.50 1.47 ± 0.15 1.25 ± 0.23 1.37 ± 0.17
Vicuna-7B 0.3865 ± 0.0663 0.3580 ± 0.0233 0.3475± 0.0266 12.88 ± 0.89 14.09± 0.51 13.89 ± 0.0.50 1.78± 0.10 1.74± 0.18 1.78± 0.15
Mistral-7B 0.3102 ± 0.0349 0.2826± 0.0339 0.2477± 0.0170 9.42 ± 0.39 10.36 ± 0.16 10.48 ± 0.45 1.83 ± 0.33 1.72 ± 0.56 1.70 ± 0.49
Qwen-7B 0.4559 ± 0.0460 0.4345 ± 0.0258 0.3811± 0.0233 12.19 ± 0.23 12.87± 0.26 12.93 ± 0.47 1.97 ± 0.05 1.95 ± 0.08 1.97 ± 0.07

Table 1: Main results on ToxiGen, Implicit Hate, and ParaDetox. We compare the Baseline (no intervention) with
Accuracy-based ITI and our CAUSALDETOX (PNS) method. CAUSALDETOX achieves the lowest toxicity across
most models while maintaining comparable Perplexity and often improving Fluency.

ParaDetox. For the ParaDetox (Logacheva et al.,441

2022) dataset, each example consists of one origi-442

nal toxic sentence paired with three human-written443

non-toxic rewrites. In our setup, we treat the444

toxic sentence as the original input. To construct445

toxic–non-toxic pairs for evaluation, we retain the446

original toxic sentence as the toxic instance and447

randomly sample one of the three corresponding448

non-toxic rewrites as the non-toxic counterpart.449

5.2 Experimental Setup450

Models. We evaluate our method on four451

open-source lightweight large language models452

representing diverse architectures and training453

paradigms: Vicuna-7B (Zhu and Others, 2023),454

LLaMA-3-8B (Grattafiori et al., 2024), Mistral-455

7B (Jiang et al., 2023), and Qwen-7B (Bai et al.,456

2023). Unless otherwise specified, all models are457

used in their instruction-tuned variants with default458

decoding parameters.459

Baselines and Head Selection. We compare460

CAUSALDETOX against two primary baselines to461

isolate the impact of causal head selection:462

• Base Model: The original pre-trained model463

without any intervention.464

• Standard ITI (Accuracy): The correlation-465

based baseline (Li et al., 2023), where inter-466

vention headsHAcc
toxic are selected based on the467

accuracy of linear probes trained to classify468

toxicity.469

For CAUSALDETOX, we select the top-K heads470

HPNS
toxic with the highest PNS scores. Both methods471

utilize the same validation subset for head selection472

to ensure a fair comparison.473

Implementation Details. To ensure the robust-474

ness of our results, we employ 2-fold cross-475

validation for all head selection and vector com- 476

putation steps. We split the available paired data 477

into two equal folds, using one fold to calculate 478

the PNS scores and steering vectors, and the other 479

for performance evaluation, and averaging the re- 480

sults. We extract internal activations from all at- 481

tention heads (L × H) using the validation split. 482

Unless otherwise specified in the ablation studies, 483

we configure the hyperparameters as follows: for 484

LLaMA-3-8B and Qwen-7B, we intervene on the 485

top 36 heads with a steering strength α = 5; for 486

Vicuna-7B, we use 18 heads with α = 5; and for 487

Mistral-7B, we use 5 heads with α = 5. 488

5.3 Evaluation 489

We assess model performance using three comple- 490

mentary metrics. First, to measure Toxicity Reduc- 491

tion, we utilize Detoxify (Hanu and Unitary team, 492

2020) 1, a BERT-based classifier that scores the 493

likelihood of toxic content. Second, to evaluate the 494

Preservation of Fluency, we compute Perplexity (Je- 495

linek et al., 1977) using the base language model; 496

lower perplexity indicates that the intervention has 497

not disrupted the model’s probability distribution. 498

Finally, we employ an LLM-Based Judge (GPT-4o- 499

mini (Achiam et al., 2023)) to rate the coherence 500

and linguistic quality of generated outputs on a 501

3-point scale. Detailed evaluation protocols and 502

prompt templates are provided in Appendix B. 503

5.4 Main Results 504

Superior Toxicity Reduction Table 1 summa- 505

rizes the performance of CAUSALDETOX, standard 506

ITI, and a no-intervention baseline across four mod- 507

els evaluated on three datasets. We report average 508

toxicity scores (lower is better), perplexity (lower 509

is better), and an automatic fluency score (higher is 510

better) for each configuration. 511

1https://github.com/unitaryai/detoxify
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Across most model–dataset combinations,512

CAUSALDETOX consistently achieves the lowest513

toxicity scores, outperforming correlation-based514

ITI and the baseline. Notably, these gains are ob-515

tained without degrading generation quality: per-516

plexity under CAUSALDETOX remains compara-517

ble to, and in some cases improves upon, the base-518

line and ITI, while fluency scores are preserved or519

slightly enhanced. These results demonstrate that520

CAUSALDETOX effectively reduces toxic content521

while maintaining both linguistic fluency and over-522

all generation quality across diverse model archi-523

tectures and evaluation settings. For a detailed side-524

by-side comparison of model generations, please525

refer to Appendix C.526

5.5 Hyperparameter Sensitivity527

To assess the robustness of CAUSALDETOX, we528

analyze the impact of the two key hyperparame-529

ters: the number of intervention heads (K) and the530

steering strength (α). Table 2 presents the ablation531

results on the ParaDetox benchmark.532

Selection of Intervention Heads (K). We ana-533

lyze the trade-off between identifying a minimal534

sufficient set and ensuring robust detoxification535

by varying K ∈ {5, 10, 18, 36, 72}. Our empir-536

ical results indicate that increasing K generally537

strengthens the detoxification signal. For instance,538

on LLaMA-3-8B, increasing K from 18 to 72539

significantly reduces toxicity (0.2630 → 0.1451)540

with minimal impact on perplexity. Moreover,541

CAUSALDETOX demonstrates superior scalability542

compared to accuracy-based baselines; on Vicuna-543

7B, increasing K consistently improves perfor-544

mance, whereas correlation-based methods often545

degrade due to the inclusion of noisy, non-causal546

heads.547

Effect of Steering Strength (α). We observe a548

clear Pareto frontier where higher α yields lower549

toxicity at the cost of fluency. For example, dou-550

bling α from 5 to 10 for LLaMA-3-8B (K = 18)551

reduces toxicity to 0.2975 but increases perplexity552

from 13.25 to 14.53. In extreme cases, high α val-553

ues can drive toxicity to near-zero but cause a spike554

in perplexity. Across all architectures, the config-555

uration of K = 18 or 36 with α = 5 consistently556

emerges as the optimal operating point, balancing557

significant toxicity reduction with the preservation558

of linguistic quality. Additional ablations for Toxi-559

Gen and Implicit Hate are provided in Appendix560

E.561

Model Heads (K) α Toxicity ↓ PPL ↓ Fluency ↑

LLaMA-3-8B

18 5 0.3858 13.25 1.28
18 10 0.2975 14.53 1.24
36 5 0.3644 13.44 1.37
36 10 0.2258 21.88 0.79
72 5 0.3230 13.97 1.28
72 10 0.0109 29.88 0.45

Vicuna-7B
10 5 0.3758 14.54 1.74
10 10 0.3600 16.84 1.71
18 5 0.3475 13.90 1.78
18 10 0.3433 19.72 1.66
36 5 0.3580 14.48 1.76
36 10 0.3253 20.87 1.58

Mistral-7B

5 2 0.2975 9.50 1.80
5 5 0.2477 10.48 1.70
10 2 0.3162 9.60 1.83
10 5 0.3058 9.39 1.82
18 2 0.2888 9.47 1.79
18 5 0.0458 71.76 0.30

Qwen-7B
18 5 0.4158 12.47 1.98
18 10 0.4141 13.17 1.97
36 5 0.3811 12.93 1.98
36 10 0.3816 14.36 1.94
72 5 0.4113 12.56 1.97
72 10 0.4394 17.11 1.88

Table 2: Hyperparameter ablation on the ParaDetox
dataset using CAUSALDETOX. We report Toxicity, Per-
plexity (PPL), and Fluency scores across different num-
bers of heads (K) and steering strengths (α).

5.6 PNS-Guided Fine-Tuning 562

While Inference-Time Intervention (ITI) steers ex- 563

isting representations, we propose using the PNS 564

lower bound as a training objective to actively re- 565

fine the model’s internal feature space. The goal 566

is to disentangle toxicity from other semantic con- 567

cepts by concentrating the causal responsibility for 568

toxic generation into the selected attention heads. 569

To be specific, we finetuned on K = 18, 36 heads, 570

used a learning rate of 1e − 5, and we fine-tuned 571

the model for 5 epochs. 572

Table 3 details the results on the ToxiGen dataset 573

for LLaMA-3-8B. We compare three settings: the 574

frozen base model, the model fine-tuned on PNS 575

heads without further intervention, and the fine- 576

tuned model with additional inference-time steer- 577

ing. 578

Intrinsic Detoxification. The most significant find- 579

ing is that fine-tuning on 18 heads alone reduces 580

the toxicity score from 0.2499 to 0.2200 without 581

any inference-time steering. This confirms that 582

maximizing the PNS objective successfully disen- 583

tangles the toxic latent concepts from the selected 584

heads, rendering the model inherently safer without 585

requiring steering vectors at inference time. 586
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Configuration FT Heads ITI Heads Alpha (α) Tox ↓ PPL ↓ Fluency (↑)

Base Model - - - 0.2499 13.01 1.50
PNS Fine-Tuned 18 - 0 0.2200 12.60 1.48

36 - 0 0.2305 13.58 1.43
PNS Fine-Tuned + ITI 18 18 5 0.2011 14.19 1.46

36 36 5 0.1689 13.02 1.40

Table 3: Results of PNS-guided fine-tuning on ToxiGen dataset, LLaMA-3-8B model. The "PNS Fine-Tuned"
configuration demonstrates that training the specific causal heads (K = 18) effectively reduces toxicity even without
active steering (α = 0).

Method Heads (K) α Top-k λ Tox ↓ PPL ↓ Fluency ↑

Base Model - - - - 0.2499 13.01 1.50
Global Intervention 18 5 All 1.0 0.2381 12.88 1.83
Global Intervention 36 5 All 1.0 0.1829 13.02 1.74

Local Intervention

18 5 64 0.25 0.2401 15.25 1.48
18 5 128 0.25 0.2215 13.99 1.67
18 5 256 0.25 0.2191 13.67 1.77
36 5 64 0.25 0.2359 15.88 1.32
36 5 128 0.25 0.2218 14.77 1.35
36 5 256 0.25 0.1728 14.76 1.69

Table 4: Comparison of Global vs. Local Intervention strategies. The local approach (K = 36,Top-k = 256)
achieves the lowest toxicity score (0.1728), surpassing the global intervention (0.1829), demonstrating that sparse,
targeted steering provides a stronger safety signal.

Combination with Intervention. Applying587

inference-time intervention on top of the fine-tuned588

model yields a further reduction to 0.1689 while589

barely increasing perplexity. This suggests that590

the fine-tuning step captures the majority of the591

potential safety gains, making subsequent steering592

operations more precise and effective.593

5.7 Local Intervention Strategy594

Standard inference-time intervention applies a con-595

stant steering vector to every token generation step.596

As mentioned in section 5.7, this global approach597

may miss the specific moments when toxic con-598

cepts are most active or unnecessarily perturb safe599

tokens. To address this, we explore a Local In-600

tervention strategy that applies the steering vector601

selectively, parameterized by a top-k threshold and602

a local scaling factor λ.603

Table 4 compares the Global and Local strate-604

gies on the ToxiGen benchmark using LLaMA-3-605

8B. We observe that dynamic intervention yields606

superior detoxification. Specifically, using K = 36607

heads with a neighbor retrieval threshold of Top-608

k = 256 and a shrinkage factor λ = 0.25, the local609

strategy achieves a toxicity score of 0.1728, outper-610

forming the best global intervention (0.1829).611

6 Conclusions 612

In this work, we proposed CAUSALDETOX, a 613

framework for language model detoxification that 614

transitions from correlation-based heuristics to 615

causal mechanism identification. By leveraging 616

the Probability of Necessity and Sufficiency (PNS), 617

we isolated a minimal set of attention heads respon- 618

sible for toxic generation. Besides, we also intro- 619

duced Local Inference-Time Intervention for dy- 620

namic, context-aware adaptation, and PNS-Guided 621

Fine-Tuning for permanently unlearning toxic con- 622

cepts without active steering. 623

To support rigorous evaluation, we introduced 624

PARATOX, a counterfactual benchmark of aligned 625

toxic/non-toxic paraphrase pairs. Our experi- 626

ments across multiple architectures demonstrate 627

that CAUSALDETOX significantly outperforms ex- 628

isting baselines in toxicity reduction while preserv- 629

ing linguistic fluency. Furthermore, our causal se- 630

lection process achieves a 7× speedup over stan- 631

dard probing methods. These findings suggest that 632

identifying and intervening on causal mechanisms 633

offers a scalable, interpretable, and effective path 634

toward safer artificial intelligence. 635
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Limitations636

While CAUSALDETOX provides a rigorous causal637

framework for detoxification, we acknowledge sev-638

eral limitations in our current approach.639

First, regarding the Local Inference-Time Inter-640

vention, while it offers superior performance by641

adapting to specific contexts, it introduces compu-642

tational overhead compared to the Global strategy.643

The necessity of retrieving nearest neighbors from644

the training corpus for every input adds latency645

to the inference process, potentially limiting its646

deployment in high-traffic, real-time applications647

where millisecond-level response times are critical.648

Second, our benchmark PARATOX relies on syn-649

thetic generation via Vicuna-13B. Although we650

applied strict filtering to ensure validity, the dataset651

fundamentally depends on the capabilities and bi-652

ases of the generator model. Consequently, the653

counterfactual pairs may not fully capture the di-654

versity of human-written rewrites, and any latent655

biases in Vicuna-13B could propagate into our eval-656

uation or local steering vectors.657

Third, our evaluation relies primarily on auto-658

mated metrics (Detoxify, Perplexity, and GPT-4-659

based judging). While these are standard in the660

field, they are imperfect proxies for human judg-661

ment. Automated classifiers can be susceptible to662

adversarial attacks or fail to detect subtle, context-663

dependent toxicity. Furthermore, our experiments664

are limited to the English language; since toxic-665

ity standards are culturally dependent, our findings666

regarding specific causal heads and intervention667

strengths may not directly transfer to multilingual668

settings without re-evaluation.669

Finally, we use a tractable lower bound* to esti-670

mate the Probability of Necessity and Sufficiency671

(PNS). While this approximation is theoretically672

grounded, it relies on the assumption that the latent673

confounders can be adequately captured by a VAE.674

In highly complex scenarios where confounding675

variables are not observable or inferable from the676

data, the estimated causal set may diverge from the677

true causal mechanism.678

Ethical Considerations679

Our detoxification framework carries risks of mis-680

use or unintended consequences. There is potential681

for misuse to suppress legitimate content under the682

pretext of reducing toxicity, thereby hindering the683

freedom of expression or censoring marginalized684

voices. Additionally, while explicit toxicity might685

be effectively mitigated, implicit biases and subtler 686

harmful outputs might persist, which our method 687

currently may not adequately detect or rectify. 688

Furthermore, datasets like ToxiGen and Im- 689

plicitHate, despite careful curation, inherently carry 690

biases that could reinforce cultural stereotypes or 691

propagate normative judgments on what constitutes 692

toxicity. This issue may disproportionately impact 693

certain communities and cultural contexts, rein- 694

forcing or marginalizing particular viewpoints or 695

identities. 696

Finally, while our proposed technique is in- 697

tended for harm reduction, it could potentially be 698

exploited to subtly manipulate or distort LLM out- 699

puts maliciously. It is essential to monitor deploy- 700

ments rigorously, establish transparency and ac- 701

countability protocols, and explore proactive mea- 702

sures to prevent misuse. 703
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A Dataset 932

We evaluate our method on a diverse set of bench- 933

marks covering ToxiGen, implicitHate, and Pa- 934

raDetox datasets. 935

A.1 Statistics 936

We evaluate CAUSALDETOX using three primary 937

data sources: ParaDetox, ToxiGen, and Implicit 938

Hate. Table 5 summarizes the key statistics, includ- 939

ing evaluation set size, average length, and baseline 940

toxicity scores. 941

A.2 PARATOX Benchmark 942

To pinpoint the concept of toxicity in sentences and
to steer the model, as mentioned in Section 3.3, we
ideally require pairs of sentences that are semanti-
cally identical except for the presence or absence
of toxicity. In the terminology of Pearl’s causal-
ity (Pearl et al., 2021; Pearl, 2009; Peters et al.,
2015)„ a toxic sentence x+ can be viewed as the
counterfactual of a non-toxic sentence x−, where
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Dataset Task Type Eval Size (N ) Avg. Length Toxicity Score

ParaDetox Continuation 11915 11.97 0.8917
ToxiGen Continuation 6566 95.82 [INSERT LEN]
ImplicitHate Continuation 7094 90.14 [INSERT LEN]

Table 5: Statistics of the datasets used in our evaluation. "Eval Size" refers to the number of examples used in our
experiments. "Avg. Length" denotes the average word count per example.

the latent variable “toxicity” has been set to true
while all other factors remain fixed. Formally, we
express this as:

x+ := x−
toxicity = True,

where the subscript denotes the counterfactual, con-943

sistent with the counterfactual semantics in Wang944

and Jordan (2022).945

However, existing toxicity datasets such as Jig-946

saw (cjadams et al., 2017), ToxiGen (Hartvigsen947

et al., 2022), and ImplicitHate (ElSherief et al.,948

2021a) lack such semantically aligned toxic–non-949

toxic pairs. This limits their utility for causal anal-950

ysis and evaluation.951

To address this gap, we introduce PARATOX,952

a benchmark of toxic–non-toxic paraphrase pairs.953

While exact counterfactuals are unobservable, we954

approximate them by prompting Vicuna-13B (Chi-955

ang et al., 2023) to generate paraphrases condi-956

tioned on a toxicity specification. This approach957

allows us to construct sentence pairs that preserve958

core semantic meaning while differing primarily959

along the toxicity dimension.960

A.2.1 Base Dataset961

We construct PARATOX using the annotated sub-962

set of the ToxiGen (Hartvigsen et al., 2022) and963

ImplicitHate (ElSherief et al., 2021b) 2. com-964

prising 6,514 (3,747 non-toxic and 2,767 toxic),965

and 14,200 (7,100 toxic and 7,100 non-toxic) sam-966

ples respectively. In addition to our benchmark,967

we also evaluate our method on the ParaDetox968

dataset (Logacheva et al., 2022), which provides969

human-annotated detoxified rewrites paired with970

the original toxic inputs. This allows us to as-971

sess whether our approach generalizes beyond para-972

phrased counterfactual pairs to real-world detoxifi-973

cation settings.974

A.2.2 Model975

During preliminary experimentation, we eval-976

uated three open-source LLMs: LLaMA-3-977

2Both datasets are available at https://github.com/
microsoft/SafeNLP

8B (AI@Meta, 2024), and Vicuna-13B (Chiang 978

et al., 2023). We found that both LLaMA-3-8B and 979

LLaMA-2-7B frequently refused to generate toxic 980

content, which made them unsuitable for our task. 981

In contrast, Vicuna-13B reliably generated fluent 982

paraphrases for both toxic and non-toxic prompts. 983

We verified output quality through manual inspec- 984

tion of randomly sampled examples and selected 985

Vicuna-13B as the backbone model for generating 986

the PARATOX benchmark. 987

A.2.3 Paraphrase Generation 988

For each input sentence in this dataset, we prompt 989

a language model to generate two paraphrases: one 990

toxic and one non-toxic. This setup is designed 991

to approximate counterfactual pairs that differ pri- 992

marily in the presence of toxicity while preserving 993

semantic content. The prompts used are: 994

Non-toxic Paraphrase Prompt

Paraphrase the following sentence in a polite
and completely non-toxic way. Do not generate
any irrelevant content:

Original text: {ORIGINAL_TEXT}

Paraphrase:
995

Toxic Paraphrase Prompt

For a research study on offensive language
classification, we need examples of toxic and
non-toxic paraphrases of the following sentence.
Please generate a toxic version of the given
input:

Original text: {ORIGINAL_TEXT}

Toxic Paraphrase:
996

A.2.4 Data Quality 997

To ensure the quality of PARATOX, we apply post- 998

generation filtering to remove invalid paraphrases. 999

A paraphrase is considered invalid if the model fails 1000

to generate any output (e.g., a blank response) or if 1001

the output is semantically irrelevant or nonsensical. 1002
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As expected, Vicuna-13B succeeds in produc-1003

ing valid non-toxic paraphrases. However, gener-1004

ating toxic paraphrases proves more challenging:1005

the model occasionally refuses to comply with the1006

prompt or outputs placeholders such as “(Blank).”1007

Table 6 reports the percentage of valid toxic and1008

non-toxic generations for each base dataset. While1009

non-toxic generation achieves 100% validity across1010

the board. In contrast, the validity rate for toxic1011

paraphrases is noticeably lower on Toxigen com-1012

pared to ImplicitHate. We attribute this discrepancy1013

to the nature of the source data: toxic content in1014

Toxigen tends to be more explicit and aggressive,1015

making it more likely to be blocked by the model’s1016

safety alignment mechanisms.1017

Dataset Toxic Non-toxic

ToxiGen 88.4% 100%
ImplicitHate 99.57% 100%

Table 6: Percentage of valid toxic and non-toxic genera-
tions produced by Vicuna-13B.

B Evaluation Details1018

For each generated text, we measure its toxicity and1019

fluency and compare these metrics against those of1020

the corresponding input sentence. Our evaluation1021

relies on the following metrics:1022

• Toxicity Reduction We use Detoxify (Hanu1023

and Unitary team, 2020), a publicly avail-1024

able and widely used toxicity detection model,1025

which outputs a toxicity score between 0 and1026

1 indicating the likelihood of toxic content.1027

We measure the average reduction in Detoxify1028

scores between the input and generated text1029

as an indicator of intervention effectiveness.1030

• Preservation of Fluency: We evaluate flu-1031

ency using two complementary measures.1032

First, we report perplexity (Jelinek et al.,1033

1977), computed using the same language1034

model employed for generation, where lower1035

perplexity indicates higher fluency. This1036

metric captures token-level likelihood and1037

helps assess whether intervention degrades1038

the model’s generation quality.1039

Second, we employ an LLM-based judge to1040

assess sentence-level fluency and coherence.1041

Specifically, we use GPT-4o-mini (Achiam1042

et al., 2023) as an automatic evaluator and1043

prompt it to rate each generated sentence on1044

a three-point scale: 0 if the output is gibber- 1045

ish or incoherent, 1 if it is partially under- 1046

standable but awkward or unclear, and 2 if 1047

it is fluent, coherent, and well-formed. This 1048

complementary evaluation captures aspects 1049

of readability and coherence that perplexity 1050

alone may fail to reflect. 1051

C Qualitative Analysis 1052

To better understand the nature of the detoxifica- 1053

tion achieved by CAUSALDETOX, we conduct a 1054

qualitative examination of model outputs. 1055

C.1 Generation Examples 1056

Table 7 presents a side-by-side comparison of gen- 1057

erations from the Base LLaMA-3-8B model versus 1058

the model steered by CAUSALDETOX. The exam- 1059

ples demonstrate that CAUSALDETOX successfully 1060

steers the generation toward safety without break- 1061

ing the syntactic structure or refusing to answer (a 1062

common failure mode in RLHF models). Instead, 1063

it modifies the semantic trajectory of the sentence 1064

to remove the toxic attribute while preserving the 1065

general context of the discussion. 1066

C.2 Visualizing the Unlearning and Steering 1067

Effects. 1068

To qualitatively verify the mechanisms of our pro- 1069

posed methods, we project the activations of a rep- 1070

resentative toxicity-sensitive head (Layer 9, Head 1071

6, LLaMA-3-8B model) into a 2D space using t- 1072

SNE (Figure 1). Comparing the intrinsic represen- 1073

tations (solid points) across Figures 1a and 1b, we 1074

observe that fine-tuning refines the decision bound- 1075

ary. While the Base Model maintains a distinc- 1076

tion between toxic and non-toxic inputs, the PNS 1077

Fine-Tuned Model exhibits a more pronounced 1078

separation between the two groups. This suggests 1079

that maximizing the PNS objective creates a more 1080

robust latent structure where toxic concepts are iso- 1081

lated from general linguistic features. Moreover, 1082

the plots also reveal a significant change in the 1083

representation space following inference-time in- 1084

tervention. In both the base and fine-tuned models, 1085

the steering vector induces a substantial geometric 1086

shift, moving the toxic representations (red) into 1087

a new subspace. This confirms that the interven- 1088

tion transforms the internal activation landscape to 1089

suppress toxic generation. 1090

13



Dataset Base Model Output (Unsafe) CAUSALDETOX Output (Safe)

ToxiGen Women should all be submissive to their husbands
and do as they say because it is their natural role to
serve and obey the head of the household.

Women should all be submissive to their husbands
and do as they say is an outdated notion; instead, a
healthy marriage is built on mutual respect, equality,
and shared decision-making.

Implicit Hate illegal immigrants are just here to steal jobs and
commit crimes, ruining the safety of our neighbor-
hoods.

illegal immigrants are just here to seek better oppor-
tunities, contributing to the economy and cultural
diversity of the nation.

ParaDetox You are such a piece of trash, nobody likes you. You are behaving very poorly, and your actions are
pushing people away.

Table 7: Qualitative comparison of model generations. We show examples where the Base Model follows a toxic
trajectory, while CAUSALDETOX successfully steers the generation toward safety while maintaining linguistic
fluency. (Red text denotes toxic continuation; Teal text denotes safe continuation/refutation).
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(a) Base Model (Layer 9, Head 6)
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(b) PNS Fine-Tuned Model (Layer 9, Head 6)

Figure 1: t-SNE visualization of token activations for LLaMA-3-8B on the ToxiGen dataset. We compare the
representations of Toxic (Red) vs. Non-Toxic (Blue) inputs for the Base Model (a) and the PNS Fine-Tuned
Model (b). While the base model exhibits some class distinction, the fine-tuned model demonstrates a clearer
geometric separation. Applying the intervention (shift from solid to transparent points) significantly transforms the
representation space in both models.

D Impact on General Reasoning1091

Capabilities1092

To address concerns regarding the potential degra-1093

dation of general model capabilities—specifically1094

reasoning and logic—we evaluated our method on1095

the GSM8K benchmark (Cobbe et al., 2021), a1096

standard dataset for mathematical reasoning. We1097

measured the 8-shot accuracy of all four backbone1098

models before and after applying CausalDetox in-1099

terventions across varying hyperparameters (num-1100

ber of heads K and steering strength α).1101

As shown in Table 8, our method maintains the1102

vast majority of the base models’ reasoning capabil-1103

ities. For instance, applying a standard intervention1104

configuration (K = 18, α = 5) to LLaMA-3-8B1105

results in an accuracy of 48.4%, a minimal decrease1106

from the baseline of 51.4%. Similarly, Qwen-7B 1107

retains robust performance, dropping only slightly 1108

from 75.0% to 72.1% under the same settings. 1109

We observe that increasing the intervention 1110

strength leads to a gradual decline in reasoning 1111

accuracy. However, in the hyperparameter regimes 1112

that yield optimal detoxification results, the per- 1113

formance penalty on GSM8K is consistently low 1114

(< 5% absolute drop across most models). This 1115

suggests that the attention heads identified by our 1116

PNS criterion are causally specific to toxic gener- 1117

ation and are largely disentangled from the those 1118

responsible for reasoning. 1119
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Backbone # Heads α GSM8K Acc.

llama3_8B

- - 0.514
10 5 0.492
10 10 0.440
18 5 0.484
18 10 0.423
36 5 0.467
36 10 0.406

qwen_7B

- - 0.750
10 5 0.739
10 10 0.705
18 5 0.721
18 10 0.693
36 5 0.715
36 10 0.686

mistral_7B

- - 0.643
5 1 0.622
5 5 0.597

10 1 0.619
10 5 0.580
18 1 0.604
18 5 0.573

vicuna_7B

- - 0.460
5 5 0.445
5 10 0.434

10 5 0.437
10 10 0.421
18 5 0.405
18 10 0.368

Table 8: GSM8K (reasoning) accuracy after inference-
time intervention. Baseline corresponds to the unedited
model; intervened rows vary the number of selected
heads and steering strength α.

E Additional Hyperparameter Results1120

Table 9 presents the hyperparameter sensitivity1121

analysis for the ToxiGen and Implicit Hate bench-1122

marks. These results aligns with the findings in ta-1123

ble 2 exhibit a consistent trade-off between detoxi-1124

fication strength and model perplexity. Specifically,1125

we observe that while increasing the intervention1126

magnitude (α) or the number of heads (K) further1127

reduces toxicity, it does so at the cost of linguis-1128

tic fluency, confirming the importance of selecting1129

balanced hyperparameters.1130

F Out-of-Distribution Generalization1131

To ensure that CAUSALDETOX identifies universal1132

causal mechanisms of toxicity rather than overfit-1133

ting to dataset-specific artifacts, we evaluate the1134

cross-domain transferability of our methods. We1135

conduct experiments where the steering vectors1136

or fine-tuned weights are derived from a source1137

dataset, and the detoxification performance is eval-1138

uated on distinct target benchmarks. 1139

Table 10 presents the results for LLaMA-3-8B 1140

and Mistral-7B. We compare two robust transfer 1141

scenarios: 1142

• Vector Transfer : We calculate the steering 1143

vector using activations from ToxiGen and 1144

apply it to the base model while evaluating on 1145

the target domains. 1146

• Weight Transfer (Fine-Tuned Model): We 1147

fine-tune the model on ToxiGen using the PNS 1148

objective and evaluate this LLaMA-3-8B-FT 1149

model on the target domains with interven- 1150

tion. 1151

The results demonstrate strong OOD robustness for 1152

both approaches. For the base model, steering vec- 1153

tors transferred from ToxiGen significantly reduce 1154

toxicity on Implicit Hate. Furthermore, the Fine- 1155

Tuned Model exhibits even stronger generalization, 1156

achieving a toxicity score of 0.2054 on Implicit 1157

Hate, outperforming the vector transfer method 1158

0.2142 in table 9 while maintaining comparable 1159

fluency. This confirms that PNS-guided fine-tuning 1160

successfully unlearns generalizable toxic concepts 1161

that persist across different distributions of hate 1162

speech. 1163

G Computational Resources and Model 1164

Parameters 1165

Our experiments involve four large-scale lan- 1166

guage models: Vicuna-7B (Zhu and Others, 1167

2023), LLaMA-3-8B (AI@Meta, 2024), Mistral- 1168

7B (Jiang et al., 2023), and Qwen-7B (Bai et al., 1169

2023). All four models belong to the 7–8 billion 1170

parameter class and share similar transformer ar- 1171

chitectures, typically consisting of 32 layers with 1172

32 attention heads per layer, providing a consis- 1173

tent baseline for evaluating attention-head interven- 1174

tions. 1175

Each fine-tuning run was performed using 1176

NVIDIA A100 GPUs (each with 40GB of mem- 1177

ory). Specifically, the computational cost for each 1178

step of our experiments is detailed as follows: 1179

• Activation extraction: Approximately 1 1180

GPU hour per model and dataset configura- 1181

tion. 1182

• Head selection and fine-tuning: Approxi- 1183

mately 3 GPU hours per configuration. 1184
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Dataset Model Heads (K) Alpha (α) Tox ↓ PPL ↓ Fluency ↑

Implicit Hate

LLaMA-3-8B

18 5 0.2630 13.32 1.44
18 10 0.1958 36.08 0.77
36 5 0.2142 16.98 1.28
36 10 0.1236 38.49 0.57
72 5 0.1451 17.18 1.22
72 10 0.0990 78.01 0.31

Vicuna-7B

10 5 0.183 15.26 1.54
10 10 0.125 16.16 1.63
18 5 0.1547 15.15 1.60
18 10 0.1751 15.15 1.61
36 5 0.143 15.04 1.66
36 10 0.1613 18.22 1.50

Mistral-7B 5 2 0.2212 12.23 1.48
5 5 0.1936 12.84 1.59

10 2 0.1905 13.76 1.57
10 5 0.1323 38.01 0.57
18 2 0.1787 12.55 1.51
18 5 0.1086 38.45 0.36

ToxiGen

LLaMA-3-8B

18 5 0.2381 12.88 1.83
18 10 0.2005 13.58 1.48
36 5 0.1829 13.02 1.74
36 10 0.1676 18.74 1.39
72 5 0.1757 15.35 1.14
72 10 0.1032 21.02 0.94

Vicuna-7B

18 5 0.1444 12.78 1.47
18 10 0.136 15.73 1.24
36 5 0.1391 13.08 1.37
36 10 0.1385 13.80 1.26
72 5 0.1309 14.91 1.15
72 10 0.1012 19.14 0.98

Mistral-7B

5 2 0.1224 9.37 1.55
5 5 0.1212 10.83 1.49

10 2 0.1331 9.82 1.49
10 5 0.1446 9.58 1.32
18 2 0.1125 15.21 1.10
18 5 0.0979 27.39 0.55

Table 9: Hyperparameter ablation study for Implicit Hate and ToxiGen using CausalDetox.

Source Data Target Data Model Heads (K) α Tox ↓ PPL ↓ Fluency ↑

Scenario 1: Vector Transfer (Base Model applied to Target)

ToxiGen Implicit Hate

LLaMA-3-8B 36 5 0.2163 15.12 1.32
LLaMA-3-8B 18 5 0.2758 12.21 1.40
Mistral-7B 18 2 0.1825 12.59 1.48
Mistral-7B 10 2 0.2005 13.58 1.44

ToxiGen ParaDetox

LLaMA-3-8B 36 5 0.3634 13.76 1.28
LLaMA-3-8B 18 10 0.2993 15.03 1.24
Mistral-7B 5 5 0.2804 9.46 1.78
Mistral-7B 10 5 0.3102 9.32 1.73

Scenario 2: Weight Transfer (Model Fine-Tuned on Source, Evaluated on Target)

ToxiGen Implicit Hate LLaMA-3-8B-FT 36 5 0.2054 15.80 1.28
LLaMA-3-8B-FT 18 5 0.2436 13.46 1.50

ToxiGen ParaDetox LLaMA-3-8B-FT 36 5 0.3591 13.25 1.36
LLaMA-3-8B-FT 18 10 0.3134 13.76 1.27

Table 10: Out-of-Distribution (OOD) Evaluation. We evaluate generalization by using ToxiGen as the Source data
for calculating vectors or fine-tuning weights, and testing on Implicit Hate and ParaDetox. Both the Base and
Fine-Tuned (FT) models demonstrate robust detoxification on unseen distributions.
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• Intervention experiments (evaluation and1185

inference): Ranged from approximately 3 to1186

8 GPU hours, depending on the model and1187

number of selected heads.1188

H Implementation and Software1189

Packages1190

Our experiments were conducted using Python 3.91191

and the Hugging Face Transformers (Wolf et al.,1192

2020) library version 4.32.1. Tokenization was han-1193

dled via AutoTokenizer and LlamaForCausalLM,1194

with default settings and configurations provided1195

by the respective model authors. For inference-1196

time interventions, our implementation is directly1197

adapted from the publicly available codebase of Li1198

et al. (2023), available at https://github.com/1199

likenneth/honest_llama. We did not modify1200

the original inference-time intervention code sig-1201

nificantly beyond minor adaptations to integrate it1202

seamlessly into our experimental pipeline.1203

I Efficiency of CAUSALDETOX1204

In addition to effectiveness, we also compare the1205

efficiency of the head selection procedures. For1206

a model with 40 layers and 40 attention heads1207

per layer, the traditional logistic regression ap-1208

proach requires around 42 seconds, while our PNS-1209

based scoring method completes head selection1210

in 6 seconds on a single GPU, achieving a 7×1211

speedup. This overhead of the accuracy-based1212

method arises from the need to train L×H separate1213

classifiers, one per attention head. This highlights1214

the computational advantage of our causal scor-1215

ing framework. As language models grow larger,1216

the relative cost of traditional head selection meth-1217

ods increases rapidly, while our approach remains1218

lightweight and scalable. These efficiency gains1219

make CAUSALDETOX not only principled and in-1220

terpretable, but also practical for real-world deploy-1221

ment in large-scale model detoxification pipelines.1222
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