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Content Warning: This document discusses ex-001

amples of harmful content (hate, slurs, and negative002

stereotypes). The authors do not support the use of003

harmful language, nor any of the harmful represen-004

tations quoted below.005

Abstract006

Toxic language is an important area of safety re-007
search in Large Language Models (LLMs). The008
linear representation hypothesis postulates that009
high-level concepts are encoded as linear direc-010
tions in the activation space of LLMs. While011
this holds for many linguistic features, the012
representational geometry of toxicity remains013
under-explored. In this paper, we report a fea-014
ture study of the Qwen3 and Gemma-3 model015
families across various toxicity datasets. Using016
a combination of activation patching and lin-017
ear as well as non-linear probing experiments,018
we find that toxicity is not a monolithic lin-019
ear feature in all transformer architectures. We020
demonstrate that non-linear probes significantly021
outperform linear one in Qwen3, while Gemma022
3 exhibits a more linear structure. Our results023
suggest that toxicity is represented as a mani-024
fold rather than a simple vector, and that this025
geometry varies significantly across model ar-026
chitectures. Our findings have critical implica-027
tions for feature studies of domain-specific fea-028
tures, highlighting a limitation of linear probes029
under domain-specific circumstances.030

1 Introduction031

As Large Language Models (LLMs) are increas-032

ingly integrated into customer-facing applications033

and workflows, ensuring their safety becomes a vi-034

tal aspect during development. A particular safety035

aspect is to mitigate harmful language, especially036

toxicity. While research showed that post-training037

LLMs via supervised fine-tuning and reinforce-038

ment learning successfully reduces the prevalence039

of overt toxicity (Touvron et al., 2023; Inan et al.,040

2023), these methods often act as black-box in-041

terventions. Thus, they provide little insight into042

how toxicity is actually encoded within an LLM’s 043

internal representation space. 044

The area of mechanistic interpretability (MI) re- 045

cently emerged as a path to tackle this gap (Olah 046

et al., 2020; Elhage et al., 2022), aiming to un- 047

derstand the internals of different LLM compo- 048

nents (e.g., neurons, attention heads, transformer 049

blocks) by reverse-engineering them. An impor- 050

tant assumption in MI is that high-level seman- 051

tic concepts are represented as linear directions 052

(vectors) within the activation space of the trans- 053

former (Mikolov et al., 2013; Elhage et al., 2022; 054

Bricken et al., 2023; Park et al., 2024). Follow- 055

ing this definition, a variety of recent studies have 056

shown that LLMs possess linear representations of 057

numerous high-level concepts, for example: space 058

and time (Nanda et al., 2023; Gurnee and Tegmark, 059

2024), positive and negative sentiment (Tigges 060

et al., 2024), truth (Marks and Tegmark, 2024), hu- 061

mor (von Rütte et al., 2024), and political perspec- 062

tives (Kim et al., 2025). Regarding safety, Arditi 063

et al. (2024) showed that LLMs learn a refusal di- 064

rection during post-training, which prevents them 065

from giving harmful responses. 066

In this paper, we complement the line of MI 067

safety research. We aim to understand whether 068

LLMs possess a linear representation of toxicity 069

and how this representation changes in domain- 070

specific contexts. To the best of our knowledge, 071

we are the first to investigate this topic. In de- 072

tail, we investigated the representational geometry 073

of toxicity for the Qwen3 (Yang et al., 2025) and 074

Gemma-3 (Team et al., 2025) model families, using 075

activation patching and linear as well as non-linear 076

probing experiments. 077

Our findings imply that toxicity is not repre- 078

sented uniformly across the two model families. 079

While the Gemma-3 family shows a largely linear 080

representation of toxicity, the Qwen3 family shows 081

a statistically significant preference for non-linear 082

encoding—particularly for domain-specific prob- 083
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ing datasets and deeper transformer blocks. These084

results suggest that non-linear probes are important085

to ensure that linear probes capture the entire fea-086

ture representation in an LLM. Moreover, they help087

detect and analyze whether domains add non-linear088

patterns to the activation space of an LLM.089

2 Background and Related Work090

In the following, we define core concepts and sum-091

marize relevant background on the architecture of092

transformer-based LLMs and probing experiments093

2.1 Toxicity094

Toxic language is generally understood as “rude,095

disrespectful or unreasonable messages that are096

likely to make a person to leave a discussion” (For-097

tuna and Nunes, 2018). Gorwa et al. (2020) de-098

scribe various forms of toxic communication, in-099

cluding insults, threats, identity attacks, profanities,100

demeaning language, and language that incites vio-101

lence. Tucker and Persily (2020) define toxic lan-102

guage more formally as “hostile and malicious lan-103

guage targeted at a person or group because of their104

actual or perceived innate characteristics.” Miller105

et al. (2022) analyzed toxic language in developer106

discussions on GitHub, where toxicity manifests107

through entitled, overly demanding, or arrogant108

comments or insults; which frequently arise from109

technical disagreements.110

2.2 Feature111

Following Elhage et al. (2022), we define features112

as being human-understandable and represented by113

directions. Moreover, Elhage et al. define that a114

neural network activation, the output of a single115

layer, or a specific and well-defined subsection of116

a neural network is linear if features correspond to117

directions in the activation space, such that each118

feature fi has a representation direction di. In ad-119

dition, we build on the concept of Bricken et al.120

(2023) that neural network activations can be bro-121

ken down into features, such that the activation122

vector xj ∈ RDact for datapoint j is:123

xj ≈ b+
∑
i

fi(x
j)di (1)124

Here, fi(xj) is the activation of feature i, b a bias125

term, and the dimensionality of the activation space126

Dact is equal to a model’s hidden dimension.127

2.3 LLM Notation 128

An LLM M generates text by autoregressively sam- 129

pling the next token wt from a categorical distribu- 130

tion over the vocabulary V given input tokens w<t. 131

This distribution can be expressed as: 132

P (wt = v|w<t) ∼ exp(uTv rL) (2) 133

uv ∈ RD is the unembedding of a possible next 134

token v ∈ V . rL ∈ RD denotes the final vector in a 135

transformer’s residual stream. The residual stream 136

is the sum of the output of all the previous layers 137

and the original embedding. Elhage et al. (2021) 138

introduced this stream as a mathematical concept 139

to allow better analyses of LLMs. It evolves over 140

transformer layers ℓ = 1, ..., L as: 141

rℓ = rℓ−1 + aℓ +Oℓ (3) 142

Oℓ = MLPℓ(aℓ) (4) 143

The information of w<t is encoded into r0, and aℓ 144

refers to the outputs of the self-attention implemen- 145

tation in transformer layer ℓ. We highlight this as 146

Oℓ: The output representation of transformer layer 147

ℓ that is added to the residual stream, which is the 148

target of our study. 149

2.4 Probes 150

A probe is a classification model trained to pre- 151

dict whether a pre-defined feature is present in a 152

model’s activations (Rai et al., 2025). We use two 153

different probes in our study: a linear and a non- 154

linear probe. 155

For the linear probe, we used a Logistic Re- 156

gression (LR). LR is a standard probing tech- 157

nique introduced by Alain and Bengio (2018). Let 158

D = {(xi, yi)} be a dataset of toxicity examples 159

xi and binary toxicity labels yi ∈ {0, 1}. From ev- 160

ery transformer layer ℓ of an LLM M that receives 161

an input prompt xi, we extract the residual stream 162

activations ri,ℓ ∈ RDact and train a linear probe to 163

predict the toxicity label. The logistic regression 164

probe computes: 165

pθ(yi = 1 | ri,ℓ) = σ(Wri,ℓ) (5) 166

W ∈ R1×Dact are the learnable weights, σ is the 167

sigmoid function, and predictions are obtained as 168

ŷi,ℓ = 1[pθ(yi = 1 | ri,ℓ) > 0.5]. The probe is 169

trained by minimizing a binary cross-entropy loss. 170

We used AdamW with learning rate 10−3, weight 171

decay 0.1, and trained for 1,000 epochs. 172
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Table 1: Details for the Gemma-3 models.
Model Layers Dhidden Q-Heads KV-Heads

Gemma-3-1B-it 16 2,048 8 1
Gemma-3-4B-it 26 3,072 12 4
Gemma-3-12B-it 42 4,096 16 8
Gemma-3-27B-it 46 6,400 32 16

For the non-linear probe, we used a 2-layer MLP173

similar to the one used by Li et al. (2023), which174

has also been used successfully in related language175

model probing experiments (Conneau et al., 2018;176

Cao et al., 2021; Hernandez and Andreas, 2021).177

The MLP computes logits as:178

zi,ℓ = W2ReLU (W1ri,ℓ) , (6)179

W1 ∈ RDMLP×Dact and W2 ∈ R1×DMLP are180

learnable parameters, and DMLP = 512. The prob-181

ability is computed as pθ(yi = 1 | ri,ℓ) = σ(zi,ℓ),182

with predictions ŷi,ℓ = 1[pθ(yi = 1 | ri,ℓ) > 0.5].183

We applied dropout with a rate of p = 0.1 after184

the activation during training. Then, we optimized185

the model using AdamW with learning rate 10−4,186

weight decay 10−4, and training for 20 epochs.187

3 Models188

To study the feature toxicity across different model189

architectures and scales, we analyzed two promi-190

nent open-source LLM families: Gemma-3 (Team191

et al., 2025) and Qwen3 (Yang et al., 2025). Both192

families were released in early 2025 and represent193

state-of-the-art language models. They offer mod-194

els spanning multiple parameter scales to enable195

comprehensive analyses with different model sizes.196

Gemma-3 is a multimodal and multilingual LLM197

family, consisting of five dense models: Gemma3-198

1B, Gemma3-4B, Gemma3-12B, and Gemma3-199

27B. For our experiments, we used the model ver-200

sions fine-tuned for instruction following, which201

is indicated by an “-it” at the end. In Table 1, we202

provide a more detailed overview of the individual203

models we used.204

Qwen3 is a family of eight multilingual LLMs,205

consisting of six dense and two MoE models. For206

our experiment, we focused on the six models with207

a dense model architecture: Qwen3-0.6B, Qwen3-208

1.7B, Qwen3-4B, Qwen3-8B, Qwen3-14B, and209

Qwen3-32B. In Table 2, we summarize the details210

of the individual models we used.211

4 Datasets212

Besides comparing LLMs, we also intended to213

comapre general and domain-specific toxicity. For214

Table 2: Details for the Qwen3 models (excl. MoE).
Model Layers Dhidden Q-Heads KV-Heads

Qwen3-0.6B 28 1,024 16 8
Qwen3-1.7B 28 2,048 16 8
Qwen3-4B 36 2,560 32 8
Qwen3-8B 36 4,096 32 8
Qwen3-14B 40 5,120 40 8
Qwen3-32B 64 5,120 64 8

general toxicity, we used the HateCheck Bench- 215

mark (Röttger et al., 2021), which focuses on hate 216

speech (i.e., abusive language that is targeted at 217

a protected group or its members). HateCheck 218

consists of 3,728 examples, which are based on 219

29 functional tests, and is motivated by previous 220

research and interviews with civil society stake- 221

holders. The examples and functional tests were 222

grouped by the authors into 11 classes, which we 223

summarize in Table 3. 224

For domain-specific toxicity, we used the tox- 225

icity benchmark by Sarker et al. (2020), which 226

focuses on toxicity in software-engineering discus- 227

sions. This dataset is split into two subsets. First, 228

to which we refer to as code, the dataset contains 229

code reviews from three large open-source projects: 230

Android, Chromium OS, and LibreOffice. Second, 231

to which we refer to as gitter, contains examples 232

from the Gitter channel of the Ethereum project. 233

Lastly, we used a dataset by Raman et al. (2020) 234

as out-of-distribution (OOD) validation data (i.e., 235

used only for validation and not to train probes). 236

Raman et al. trained a support vector machine to 237

classify GitHub discussions into “toxic” or “non- 238

toxic”. For the training, they curated a dataset 239

containing toxic comments, further referred to as 240

comments, combined with randomly selected non- 241

toxic examples. 242

To compare and validate our results, we used 243

the dataset by Marks and Tegmark (2024) on how 244

LLMs represent the truthfulness of a statement in 245

the activation space. Marks and Tegmark analyzed 246

how LLaMA-2 models (Touvron et al., 2023) dif- 247

ferentiate between true and false statements. We 248

used two datasets from this work as OOD data. The 249

cities dataset contains correct and incorrect exam- 250

ples stating in which country a city is located. The 251

sp_en_trans dataset contains correct and incorrect 252

English to Spanish translations. 253

To mitigate potential class imbalance biases, we 254

balanced all datasets to achieve an equal represen- 255

tation of toxic and non-toxic instances. Moreover, 256

we randomized the order of examples. All datasets 257
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Table 3: Overview of the HateCheck Benchmark (Röttger et al., 2021) dataset.
Class Example # of Examples

Derogation “I hate [IDENTITY].” 560
Threatening Language “I am going to shoot the next [IDENTITY] I see.” 273
Slur Usage “You are just a [SLUR] to me.” 255
Profanity Usage “These [IDENTITY] should shut the f*uck up once and for all.” 240
Pronoun Reference “I have met many [IDENTITY] and I hate every single one of them.” 273
Negation “I am going to shoot the next [IDENTITY] I see.” 273
Phrasing “Why is it that all [IDENTITY] are repulsive?” 273
Non-Hate grp. ident. “I love [IDENTITY].” 315
Counter Speech “You have to stop calling [IDENTITY] disgusting.” 314
Abuse against non-prot. targets “All cocktails like these are vile” 192
Spelling variations “I haet [IDENTITY].” 760

were split into a training and test set using an 80 / 20258

split and stratified on the toxicity label to maintain259

class balance.260

5 Activation Patching to Localize Layers261

We began our study using established activation262

patching methods (Vig et al., 2020; Meng et al.,263

2022; Marks and Tegmark, 2024) to distinguish264

which transformer layers ℓ in an LLM M contribute265

to determining the toxicity of a statement s. Our266

goal was to localize layers in M that are important267

for deriving an internal representation of toxicity.268

We used the results to identify a set of four impor-269

tant layers per model to reduce the computational270

overhead of the probing experiments.271

We computed each layer’s contribution towards272

predicting “toxic” or “healthy” by actively interven-273

ing in the forward pass of M , altering intermediate274

representations and observing the changes to M ’s275

output Y . To actively intervene in M ’s forward276

pass, we conducted two runs with slight changes277

to the input prompt P . Here, we followed Geiger278

et al. (2020) and Finlayson et al. (2021) to create a279

toxic prompt pT and a healthy prompt pH . We cre-280

ated the healthy prompt by substituting one specific281

word in pT . Both prompts are designed as few-shot282

prompts, with five examples and one target, based283

on examples from Sarker et al. (2020):284

pH In this context, the histogram is slightly useless. I
suggest to mark it as obsolete in histograms.xml
and dump it. This statement is:

pT In this context, the histogram is fucking useless. I
suggest to mark it as obsolete in histograms.xml
and dump it. This statement is:

285

Using these prompts, we executed the following286

process: First, a clean run on M is conducted287

using pH to cache the residual stream activations288

ri,ℓ (pH) for each token i and layer ℓ. Second, a289

corrupted run of M on pT is conducted, where290

the forward pass of M is modified by swapping 291

out (patching) ri,ℓ (pT ) with ri,ℓ (pH), to see how 292

much impact ℓ has on predicting Ytoxic. For each 293

patch in the second run, we gathered M ’s logits for 294

“toxic” (T) and “healthy” (H), and computed the 295

log difference: 296

log
P (H)

P (T)
= Logit (H)− Logit (T) (7) 297

We used the log difference based on the recommen- 298

dations by Zhang and Nanda (2024). 299

In Figure 1, we exemplify the results for Gemma- 300

3-4b-it, which are similar to the results by Marks 301

and Tegmark (2024). Specifically, a pattern of 302

three groups of active transformer layers emerges 303

throughout all model sizes. The first group is active 304

on the substituted words “slightly” and “fucking”, 305

emerging over earlier layers, thereby likely encod- 306

ing token-level information. The second group is 307

active on the sentence-ending punctuation and the 308

first word of a new sentence, suggesting that the 309

layers are likely encoding a summary of the pre- 310

vious sentence. Such summarization behavior has 311

already been observed is discussed in more detail 312

by Hollinsworth et al. (2024). As our target ex- 313

ample spans over two and a half sentences, we ob- 314

served the second group twice. The third group is 315

active on the colon (the last token). It emerges over 316

the remaining layers of the LLM. A distinct differ- 317

ence between the Qwen3- and Gemma3-families 318

is the strength of the second group, which emerges 319

stronger in Qwen3 than in Gemma3. 320

For each model, we selected four subsequent 321

layers: an early layer a, two middle layers b and c, 322

and a final layer d. While layer d is always the last 323

layer in the residual stream and, therefore, the ac- 324

tivation spaces before the unembedding; the other 325

three layers are not static. We selected layers a and 326

b based on the patching results over the substituted 327

token. Here, a was the layer with the highest log- 328

difference that was not the very first layer in the 329
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Figure 1: Activation patching for Gemma-3-4b-it using two nearly identical few-shot prompts with one substituted
word (slightly → fucking). We plot the log difference between tokens “toxic” and “healthy” for each token and
model layer. Three groups of active layers emerge: The first over the substituted word, the second on the first word
of a new sentence, and the third group over the last token. We used the log difference results to select four layers (a,
b, c, d) per model for the probing experiments.

first half of the emerging pattern. Moreover, b is330

either the layer with the highest log-difference in331

the second half or the layer before a stronger drop332

in log-difference occurred. If two or multiple suc-333

ceeding layers had the highest log-difference, we334

used the latter. We acknowledge that this selection335

seems somewhat arbitrary. However, our layer-336

by-layer analysis (cf. Section 6.4 and Figure 5)337

confirms that the selected layers are representative338

of broader trends across all layers, supporting our339

selection strategy.340

6 Results341

We trained linear and non-linear probes on the train-342

ing splits of the code, gitter, and hatecheck datasets.343

Then, we evaluated the probes against the valida-344

tion sets from each dataset as well as the entire345

comments dataset. Lastly, we validated our results346

against data by Marks and Tegmark (2024).347

6.1 Families Differ in Toxicity Representation348

We found that the non-linear probe outperformed349

the linear probe on all models in the Qwen3-family.350

In contrast, it underperformed on the Gemma-3-351

family. As we show in Figure 2, the non-linear352

probe achieved a 1.38 % (SD=4.4 %) higher mean353

accuracy at classifying toxicity on the activation354

space of Qwen3 models than the linear probe. It355

had a 0.81 % lower mean accuracy for Gemma-3356

models. Furthermore, we can see that the amount357

by which the non-linear probe outperforms the lin- 358

ear probe on the Qwen3-family increases in deeper 359

layers, while the performance worsens in deeper 360

layers for Gemma-3 models. This suggests that the 361

two model families encode toxicity with different 362

geometric structures. Moreover, the representation 363

of toxicity in Qwen3 models becomes increasingly 364

non-linear throughout the residual stream. 365

To assess the statistical significance of our ob- 366

servations, we conducted a Wilcoxon signed-rank 367

test (Wilcoxon, 1945). We compared the paired ac- 368

curacy scores between linear and non-linear probes 369

across all model-layer-dataset combinations. The 370

Wilcoxon signed-rank test is appropriate here as 371

it makes no assumptions about the distribution of 372

accuracy differences, accounts for the paired nature 373

of our comparisons (each linear probe result has a 374

corresponding non-linear probe result on identical 375

data), and is robust to outliers. We tested the follow- 376

ing hypothesis (H) via its opposite null-Hypothesis 377

(H0) at a significance level of α = 0.05: 378

H The median difference in accuracy between 379

non-linear and linear probes is non-zero (i.e., 380

one probe type consistently outperforms the 381

other). 382

H0 The median difference in accuracy between 383

non-linear and linear probes is zero (i.e., there 384

is no consistent performance difference). 385

Aggregated across all experiments (all models, 386

all layers, all datasets), we obtained a p-value of 387
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0.00355 (N = 528 paired comparisons). Thus, we388

rejected the null hypothesis and continued with our389

hypothesis that probe performance differed system-390

atically in our experiment.391

When testing the model families separately using392

the same hypotheses and tests, we found:393

Qwen3: p = 9.126e-09 (N = 288), strongly reject-394

ing H0 in favor of non-linear probes outper-395

forming linear probes.396

Gemma3: p = 0.995 (N = 240), failing to reject397

H0, indicating no consistent advantage for398

non-linear probes.399

These results provide strong statistical evidence400

that the representation of toxicity is architecture-401

dependent. The representation of toxicity in Qwen3402

models contains non-linearity, while the represen-403

tation in Gemma-3 models does not contain a sta-404

tistically significant non-linearity.405

6.2 Layer-Wise Analysis of Toxicity406

To understand the divergence in accuracy between407

probes in deeper layers, we conducted a layer-by-408

layer analysis to validate our layer selection. For409

this, we probed all layers of Gemma3-4b-it and410
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Figure 2: The non-linear probe had a higher mean ac-
curacy for classifying toxicity on the activation space
of Qwen3 models than the linear probe, while being
slightly weaker for Gemma3 models. For each family
and layer group, we plot the mean accuracy over all val-
idation datasets. The shaded area depicts the 95 % confi-
dence interval. While the non-linear probe had a slightly
lower mean accuracy on layer a for the Qwen3-family
than the linear probe, it outperformed the linear probe
from layer b onward with an increasing delta. For the
Gemma3-family, the non-linear probe is on par with the
linear probe for layers a and b, but weaker for b and c.

Qwen3-4B for toxicity, as these have the same 411

number of parameters and a feasible computational 412

demand. In Figure 3a, we show that the linear and 413

non-linear probes remain closely aligned for most 414

layers of Gemma3-4b-it, with slight fluctuations. 415

They only begin to diverge in the final layers (25+). 416

In Figure 3b, we show that this finding also holds 417

for Qwen3-4B. The linear probe accuracy remains 418

stable across early layers, and the non-linear probe 419

accuracy increases steadily. Thus, there is con- 420

sistent divergence throughout the residual stream. 421

Overall, this layer-by-layer analysis confirms that 422

the divergence in probing accuracy in Qwen3 mod- 423

els is consistent and systematic, and that our layer 424

selection is representative across model depths. 425

6.3 Non-Linear Probes Excel in the Domain 426

We found that non-linear probes show the strongest 427

advantages on domain-specific toxicity datasets. In 428

Figure 4, we display that, compared to the linear 429

probe, the non-linear probe has the strongest ac- 430

curacy gain (in %) in Qwen3-4B on the code and 431

gitter training datasets in layers b and c. How- 432

ever, it is slightly weaker on the hatecheck train- 433

ing dataset. Furthermore, the non-linear probe is 434

stronger when evaluated against the OOD com- 435

ments dataset, particularly in the final layer (d), in 436

which its gains reach +10–11 %. In early layers 437

(a), the non-linear probe’s lower accuracy is driven 438

primarily by weaker performance on the hatecheck 439

dataset, both as training and evaluation data. 440

We provide a full overview of the accuracy gains 441

for all models and groups in Appendix A for the 442

Qwen3-family and in Appendix B for the Gemma- 443

3-family. These overviews confirm our observation 444

of the non-linear probe performing better than the 445

linear one on code and gitter for the Qwen3-models. 446

They also confirm that the non-linear probe per- 447

forms slightly weaker for layer a in all Qwen3- 448

models except the 32B model. Furthermore, we 449

can see in the overviews in more detail how the 450

accuracy of the non-linear probe decreases in later 451

layers of Gemma-3 models; which is accompanied 452

by a few larger outliers on the hatecheck dataset. 453

These results suggest that the non-linear probe per- 454

forms better at grasping toxicity in more complex 455

situations, such as toxic language in software dis- 456

cussions, while both probes are on par on the more 457

general hatecheck dataset. This is supported by 458

improved generalization on the OOD data. 459
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(a) Gemma-3-4b-it
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Figure 3: Mean accuracy for the linear (LR) and non-linear (MLP) probes we trained on the activation space of all
layers of Gemma-3-4b-it (a) and Qwen3-4B (b). The shaded areas depict the 95 % confidence intervals.
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Figure 4: Accuracy gains (in %) of the non-linear probe compared to the linear probe for Qwen3-4B. The non-linear
probe is mostly on par with the linear probe in early layers, but struggles on the hatecheck dataset (a). The non-linear
probe has a higher accuracy on the domain-specific code and gitter datasets and converges better to unseen data in
middle layers (b, c). The non-linear probe converges better on the OOD comments dataset on the final layer (d).
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Figure 5: The non-linear probe outperforms the linear
probe consistently on all groups when classifying truth-
fulness in the activation space. For each model family
and layer group, we re-run the probing experiments on
data by Marks and Tegmark (2024), who studied the
feature truthfulness, and plot the mean accuracy. The
shaded area depicts the 95 % confidence interval.

6.4 Validation on a Linear Feature460

To ensure that the divergence between the linear461

and non-linear probe stems from genuine geomet-462

ric differences in the feature representation and463

not from a greater representational capacity of the464

2-layer MLP compared to the LR, we replicated465

our probing experiment on a dataset by Marks and466

Tegmark (2024). Marks and Tegmark conducted467

a feature study on truthfulness and showed that468

LLMs have a linear representation of truth in their469

activation space, which scales with model size. In470

Figure 5, we show that our non-linear probe has a471

slightly higher mean accuracy on all layers we se-472

lected for toxicity (i.e., a, b, c, d) in both model fam-473

ilies. These results are important for two reasons.474

First, they show that the non-linear probe is indeed475

a better classifier of features in the activation space.476

Second, this further supports our previous assump-477

tion that the representation of toxicity in the activa-478

tion space of models in the Qwen3-family becomes479

more nonlinear throughout the residual stream.480

7 Discussion and Conclusion481

In this paper, we reported a systematic analysis482

of whether LLMs possess a linear representation483

of toxicity and how this representation changes484

in domain-specific contexts. To achieve this, we485

conducted a combination of linear and non-linear 486

probing experiments. Within these experiments, 487

we used four datasets and two language families. 488

Our findings indicate that toxicity is not rep- 489

resented uniformly across LLM architectures. 490

The progressive non-linearization we observed in 491

Qwen3 models, in which the gap between linear 492

and non-linear probe accuracy increased with layer 493

depth, suggests that toxicity representations be- 494

come increasingly non-linear as information flows 495

through a model. This is in contrast to Gemma-3, 496

in which representations remain linear. Thus, ar- 497

chitectural choices and strategies to model training 498

(differences in training data composition or safety 499

fine-tuning) seem to shape how models internalize 500

high-level features. 501

Our finding that non-linear probes excel specif- 502

ically on domain-specific toxicity (software engi- 503

neering discussions), while performing compara- 504

bly on general hate speech has practical implica- 505

tions. Domain-specific toxicity may contain subtle 506

contextual cues (e.g., technical jargon, community 507

norms, and implicit tone) that add non-linear pat- 508

terns in activation space. This suggests that safety 509

interventions for LLMs may require different 510

strategies depending on both the target architec- 511

ture and the application domain. 512

Finally, our findings indicate that understand- 513

ing how domain-specific contexts impact the per- 514

formance of safety interventions is crucial for 515

improving the safety of LLMs. Non-linear probes 516

seem important for detecting when domains add 517

non-linear patterns to the activation space, which 518

may limit the significance and informativeness of 519

a feature study. Future research should therefore 520

focus on determining how domain-specificity adds 521

non-linearity to the activation space. 522

Limitations 523

Our work and the implications of our findings are 524

limited by a combination of multiple factors. First, 525

our study is limited to two model families, with 526

the largest model having a size of 32B parame- 527

ters. This limits our findings to smaller to mid-size 528

LLMs, giving no insight into larger LLMs. Second, 529

our model selection is limited to dense models, 530

not including recent developments in merger-of- 531

experts architectures. Third, we only use one linear 532

probe in our study, limiting the generalizability 533

of our findings, as we do not study whether other 534

linear probes may be able to capture the found non- 535

8



linearity in Qwen3 models. Lastly, we did not con-536

duct a causal intervention experiment to validate537

the causality of our findings, which as recently be-538

come a recommended practice by Park et al. (2024)539

and Rai et al. (2025), due to the non-linear probe540

not containing a linear direction vector.541
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Figure 6: Accuracy gain of the non-linear probe compared to the linear probe for all four groups in all Qwen3
models.
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Figure 7: Accuracy gain of the non-linear probe compared to the linear probe for all four groups in all Gemma-3
models.
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