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Abstract001

Recent advances in mechanistic interpretabil-002
ity have revealed how language models pro-003
cess information, yet these insights rarely im-004
prove model performance. We propose Inter-005
pretable Feature-Space Regularization (IFSR),006
a training-time framework that transforms007
mechanistic insights into optimization signals.008
IFSR identifies error-prone feature interactions009
through circuit attribution and penalizes them010
during training, encouraging the model to dis-011
cover alternative computational pathways. Un-012
like inference-time interventions that operate013
on individual features, IFSR targets feature-to-014
feature edges representing internal computa-015
tional patterns, and permanently encodes im-016
provements into model parameters. Experi-017
ments across ten classification tasks show con-018
sistent improvements. Cross-task evaluation019
demonstrates that IFSR training can transfer020
positively to unrelated tasks, suggesting bene-021
fits to general model capabilities. Our analysis022
reveals that most identified error patterns resist023
human interpretation, yet penalizing them still024
improves performance, suggesting that auto-025
matic error identification at the level of feature026
interactions is feasible and effective. This work027
demonstrates that mechanistic interpretability028
can directly enhance task performance through029
training-time optimization.030

1 Introduction031

Mechanistic interpretability has made remarkable032

progress in understanding how language mod-033

els work internally. Techniques like sparse au-034

toencoders (Cunningham et al., 2023; Gao et al.,035

2024; Rajamanoharan et al., 2024) and cross-layer036

transcoders (Ameisen et al., 2025) decompose037

dense activations into sparse, interpretable features,038

while circuit attribution methods (Lindsey et al.,039

2025) are designed to trace how these features040

causally influence predictions. These tools have041

revealed computational pathways underlying in-042

context learning (Olsson et al., 2022), indirect ob- 043

ject identification (Wang et al., 2022), and mathe- 044

matical reasoning (Nanda et al., 2023). 045

Yet despite these advances, mechanistic inter- 046

pretability has rarely improved model performance. 047

The insights often remain diagnostic: we analyze 048

model internals but lack principled methods to 049

translate understanding into performance gains. 050

Activation steering attempts to bridge this gap by 051

directly intervening on feature activations during 052

inference. However, recent large-scale evaluation 053

reveals that steering effects are brittle and general- 054

ize poorly across model families and tasks (Silva 055

et al., 2025). Indeed, steering has proven most 056

valuable not for improving task performance, but 057

as a tool for causal validation of interpretability hy- 058

potheses (Templeton et al., 2024). What is missing 059

is a method that translates mechanistic insights into 060

training-time optimization, permanently encoding 061

improvements into model parameters. 062

We propose a different approach: instead of 063

steering individual features at inference time, we 064

identify error-prone feature interactions through 065

circuit attribution and penalize them during train- 066

ing. This encourages the model to discover alterna- 067

tive computational pathways that achieve the same 068

objectives while avoiding error-inducing patterns. 069

The improvements are permanently encoded into 070

model parameters, requiring no intervention. 071

Achieving this requires rethinking what inter- 072

pretability means for optimization. Due to the 073

superposition phenomenon (Elhage et al., 2022), 074

models encode vastly more features than their neu- 075

ron count, making exhaustive human analysis infea- 076

sible. We observe that many error-inducing feature 077

interactions resist human interpretation, yet penal- 078

izing them still improves performance. This sug- 079

gests a data-driven paradigm: use circuit attribution 080

to automatically distinguish error-prone activation 081

patterns from beneficial ones, and let the model 082

adjust its computations accordingly. 083
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We propose Interpretable Feature-Space Regu-084

larization (IFSR), a framework realizing this vision.085

First, we employ a cross-layer transcoder mapping086

activations into a sparse feature space. Second, on087

a held-out attribution set, we identify error edges:088

feature pairs frequently co-activated in wrong pre-089

dictions but rarely in correct ones. Third, we train090

with a penalty on error edge activation, guiding the091

model toward alternative pathways.092

We evaluate IFSR across ten tasks spanning nat-093

ural language inference, sentiment analysis, finan-094

cial prediction, code defect detection, and com-095

monsense reasoning. IFSR consistently improves096

performance, and cross-task evaluation reveals that097

training preserves or enhances capabilities on unre-098

lated tasks. Ablation studies confirm that random099

penalties are ineffective, and operating in feature100

space rather than on neurons is essential.101

This work makes three contributions. First, we102

introduce IFSR, a training-time framework that103

targets feature interactions rather than individual104

features, permanently encoding improvements into105

model parameters. Second, we demonstrate that106

error-prone computational patterns can be automati-107

cally identified and corrected through a data-driven108

approach. Third, through experiments spanning109

ten diverse tasks, we provide evidence that inter-110

nal supervision at the level of feature interactions111

unlocks gains beyond output-level optimization.112

2 Related Work113

Mechanistic Interpretability Language models114

encode information in distributed representations115

where individual neurons respond to multiple unre-116

lated concepts, known as polysemanticity (Elhage117

et al., 2022). Sparse autoencoders decompose acti-118

vations into sparse, monosemantic features (Cun-119

ningham et al., 2023; Gao et al., 2024; Rajamanoha-120

ran et al., 2024; Templeton et al., 2024). Early121

circuit analysis identified specific computational122

patterns in smaller models, such as induction heads123

for in-context learning (Olsson et al., 2022) and124

indirect object identification circuits (Wang et al.,125

2022). Recent advances in transcoders (Dunefsky126

et al., 2024) and cross-layer transcoders (Ameisen127

et al., 2025) have extended these capabilities to128

frontier models, enabling discovery of diverse and129

complex circuits at scale (Lindsey et al., 2025).130

Yet translating these insights into training improve-131

ments remains unexplored.132

Activation Steering Steering methods intervene 133

on model representations to modify behavior (Tem- 134

pleton et al., 2024; Cho et al., 2025; Kang et al., 135

2025; Xu et al., 2025). However, comprehensive 136

evaluation reveals significant limitations: steer- 137

ing effects are brittle and generalize poorly across 138

model families (Silva et al., 2025). In practice, 139

steering has proven most valuable for causal valida- 140

tion of interpretability findings rather than system- 141

atic performance improvement (Templeton et al., 142

2024). Furthermore, steering operates on individ- 143

ual features, which may be insufficient when errors 144

arise from complex feature interactions. 145

3 Interpretable Feature-Space 146

Regularization 147

We present IFSR, a framework that transforms 148

mechanistic interpretability from post-hoc analysis 149

into training-time optimization. As illustrated in 150

Figure 1, IFSR operates in three stages: construct- 151

ing an interpretable feature space (Section 3.1), 152

identifying error patterns through circuit attribu- 153

tion (Section 3.2), and training with feature-space 154

regularization (Section 3.3). The process can be 155

iterated for progressive refinement (Section 3.4). 156

Notation We denote the language model’s resid- 157

ual stream activation at layer ℓ as hℓ ∈ Rd, where d 158

is the model’s hidden dimension. The model has L 159

layers in total. For classification tasks, we focus on 160

activations at a designated target position (typically 161

the final token), so we omit position indices. 162

Data Partitioning We divide data into three dis- 163

joint sets: a training set for model optimization, an 164

attribution set for error pattern identification, and 165

a validation set for evaluation. Separating training 166

and attribution sets prevents overfitting to observed 167

error patterns; keeping the validation set disjoint 168

from both prevents data leakage during evaluation. 169

3.1 Feature Space Construction 170

Individual neurons in language models exhibit pol- 171

ysemanticity, responding to multiple unrelated con- 172

cepts (Elhage et al., 2022). This makes neuron- 173

level intervention unreliable: penalizing a single 174

neuron may inadvertently suppress multiple unre- 175

lated behaviors. We employ cross-layer transcoders 176

(CLTs) (Ameisen et al., 2025) to decompose acti- 177

vations into sparse, monosemantic features. 178

A CLT maps the residual stream at layer ℓ to a 179

sparse feature vector and reconstructs MLP outputs 180
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Figure 1: Overview of the Interpretable Feature-Space Regularization (IFSR). The framework consists of
three key stages: (1) Feature Space Construction: Decomposing polysemantic residual stream activations into
sparse, monosemantic features with CLTs. (2) Error Pattern Identification: Using circuit attribution to identify
feature-to-feature edges that correlate with incorrect predictions. (3) Training with Edge Penalty: Optimizing the
model with a differentiable co-activation penalty on identified error edges.

at all subsequent layers. Given residual stream181

activation hℓ at layer ℓ (at a given token position),182

the CLT computes:183

fℓ = ReLU(Wenchℓ + benc) ∈ RD (1)184

where D ≫ d is the number of transcoder features185

(typically D = 16× d or larger). The CLT recon-186

structs the MLP output at each subsequent layer187

ℓ′ > ℓ as:188

m̂ℓ′ =
∑

i:fℓ[i]>0

fℓ[i] ·W
(ℓ′)
dec [i] + b

(ℓ′)
dec (2)189

where W
(ℓ′)
dec [i] ∈ Rd is the decoder weight for190

feature i at layer ℓ′.191

Why Cross-Layer Transcoders Unlike SAEs192

operating within single layers, CLTs span multi-193

ple layers, enabling direct analysis of feature-to-194

feature interactions with well-defined linear attri-195

bution (Ameisen et al., 2025).196

The CLT is pretrained on diverse text to mini-197

mize reconstruction error plus a sparsity penalty,198

independent of any downstream task. Once trained,199

CLT parameters remain frozen throughout IFSR,200

providing a stable coordinate system for identifying201

computational patterns.202

3.2 Error Pattern Identification 203

We identify error-prone feature interactions 204

through circuit attribution on the attribution set. 205

For classification tasks, we focus on feature acti- 206

vations at the target position, typically the final 207

token or a designated classification token. This is 208

where the model produces its prediction. 209

Attribution Graph Construction For each sam- 210

ple, we build an attribution graph G = (V,E) at 211

the target position, capturing how features causally 212

influence the prediction. Nodes in V include fea- 213

ture nodes (ℓ, i) representing the activation of fea- 214

ture i at layer ℓ, as well as logit nodes representing 215

the output logits. We denote the activation value of 216

node v as av. 217

To determine which edges exist in the graph, 218

we compute edge weights using a local linear ap- 219

proximation following Ameisen et al. (2025). The 220

weight of an edge from node s to node t is: 221

As→t =
∂at
∂as

· as (3) 222

This captures both the sensitivity of t to s (the 223

gradient) and the magnitude of s’s activation. We 224

provide a detailed derivation in Appendix A. 225

Graph Pruning Since each sample activates 226

thousands of features, directly analyzing the full 227
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graph is intractable. We prune by retaining only228

the top N features ranked by their total effect on229

output logits, computed as the sum of |Av→logit|230

for each feature node v. Edges between retained231

nodes with |As→t| above a threshold are included232

in the pruned graph. After pruning, we treat edges233

as binary: an edge either exists or does not. The234

subsequent error edge detection operates on edge235

presence rather than edge weights.236

Contrastive Error Edge Detection We partition237

attribution graphs into those from correct predic-238

tions Gcor and incorrect predictions Gerr. Crucially,239

when comparing across samples, we identify edges240

by their layer and feature indices only, abstract-241

ing away position information. This allows us to242

detect feature interactions that systematically corre-243

late with errors across samples of varying lengths.244

For each edge e = ((ℓs, is), (ℓt, it)), let nerr
e and245

ncor
e denote the number of graphs in Gerr and Gcor246

containing e, respectively. We compute frequency247

ratios:248

f err
e =

nerr
e

|Gerr|
, f cor

e =
ncor
e

|Gcor|
(4)249

We first filter edges satisfying: f err
e ≥ θerr and250

f cor
e ≤ θcor, where θerr and θcor are frequency251

thresholds. From these candidates, we select the252

top K edges ranked by log-contrast score:253

score(e) = log

(
1 +

f err
e

f cor
e + ϵ

)
(5)254

where ϵ is a small constant preventing division by255

zero. The logarithmic transformation prevents ex-256

treme weights when f cor
e is near zero. We nor-257

malize scores to have mean 1 and use them as258

edge weights we in the penalty term. We focus259

on feature-to-feature edges, as these represent inter-260

nal pathways the model can adjust during training.261

3.3 Training with Edge Penalty262

With error edges identified, we train the model with263

a combined objective:264

Ltotal = LCE(y, ŷ) + λ · Lpenalty (6)265

where LCE is cross-entropy loss and λ controls266

penalty strength.267

Edge Penalty Computation For each training268

sample, we extract feature activations at the target269

position by passing the model’s residual stream270

through frozen CLT encoders at each layer. For271

each error edge e = ((ℓs, is), (ℓt, it)), we penalize 272

the co-activation: 273

Lpenalty =
1

|E|
∑
e∈E

we · |fℓs [is] · fℓt [it]| (7) 274

where fℓ[i] denotes the activation of feature i at 275

layer ℓ (at the target position), E is the error edge 276

set, and we is the normalized edge weight. 277

Why Co-Activation Penalty Note that the 278

penalty targets feature co-activations rather than 279

directly using attribution weights. This design 280

choice reflects our goal: we want to discourage 281

the model from simultaneously activating feature 282

pairs that frequently co-occur in errors. The attribu- 283

tion graph identifies which edges are problematic; 284

the co-activation penalty provides a differentiable 285

signal to avoid those patterns during training. 286

Penalizing error edges does not simply suppress 287

model outputs; rather, it encourages the model to 288

discover alternative computational pathways that 289

achieve the same task objectives. Since language 290

models are highly over-parameterized, alternative 291

pathways typically exist but remain underutilized 292

under standard cross-entropy training. The penalty 293

creates a gradient signal that redistributes computa- 294

tions through less error-prone circuits. 295

3.4 Iterative Refinement 296

During IFSR training, the CLT remains frozen 297

while model parameters update. This separation 298

is intentional: the CLT provides a stable observa- 299

tion framework for defining problematic activation 300

patterns, while the model learns to adjust its com- 301

putations within this framework. Within a single 302

training round, parameter updates are sufficiently 303

local that the CLT’s feature definitions remain ap- 304

proximately valid. 305

After substantial training, however, the accu- 306

mulated parameter changes may shift the model’s 307

activation distribution beyond the CLT’s effective 308

range. We address this through iterative refinement: 309

after training produces model M1, we fine-tune the 310

CLT on M1’s activations to yield C1, then re-run 311

attribution with (M1, C1) to identify new error pat- 312

terns. This updated error set drives another round 313

of IFSR training. 314

CLT Adaptation Following recent work on effi- 315

cient SAE training (Karvonen, 2025), we fine-tune 316

the CLT using a mixture of general pretraining data 317

and task-specific data, ensuring the CLT accurately 318

captures the updated model’s representations. 319
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Figure 2: Multi-round iterative refinement. IFSR
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checkpoint (M1, C1). Each round re-identifies error
edges on fresh attribution data (Da_n) using the updated
CLT, enabling progressive refinement. Fire: trainable;
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When to Iterate We recommend starting a new320

round in two scenarios: (1) when validation per-321

formance plateaus for several consecutive epochs,322

indicating the current error patterns have been suf-323

ficiently addressed, or (2) when CLT reconstruc-324

tion quality degrades significantly, indicating the325

feature space no longer accurately represents the326

model’s computations. Both signals suggest that327

the current CLT-model pairing has reached its opti-328

mization limit and re-alignment is needed.329

4 Experiments330

4.1 Experimental Setup331

Tasks and Datasets We evaluate IFSR on ten332

classification tasks spanning diverse domains: natu-333

ral language inference (MNLI), sentiment analysis334

(SST-2), and linguistic acceptability (CoLA) from335

the GLUE benchmark (Wang et al., 2019); read-336

ing comprehension (BoolQ) (Clark et al., 2019);337

news classification (AG News) (Zhang et al., 2016);338

emotion classification (Emotion) (Saravia et al.,339

2018); financial sentiment (Finance) (Araci, 2019);340

safety classification (BeaverTails) (Ji et al., 2023);341

code defect detection (CodeXGLUE) (Zhou et al.,342

2019); and logical fallacy detection (Logic) (Jin343

et al., 2022). For each task, we partition the data344

into training, attribution, and test sets. Detailed345

dataset statistics and partitioning are provided in 346

Appendix B. 347

Model We use Gemma-2-2B (Team et al., 2024) 348

as the base model with its corresponding pre- 349

trained cross-layer transcoder from Gemma Scope 350

(Lieberum et al., 2024). We select Gemma-2-2B be- 351

cause it currently has the most mature mechanistic 352

interpretability ecosystem, with publicly available 353

high-quality sparse autoencoders and transcoders. 354

The CLT remains frozen throughout single-round 355

IFSR experiments; only in multi-round iterative 356

experiments do we fine-tune the CLT. 357

Attribution Set We sample 500 examples as the 358

attribution set for error edge identification across 359

all tasks. Although this sample size appears modest, 360

each pruned attribution graph contains hundreds of 361

feature nodes and thousands of edges, providing 362

sufficient coverage for reliable pattern detection 363

while keeping computational cost tractable. 364

Baselines We compare IFSR against: (1) the base 365

model without fine-tuning, (2) standard supervised 366

fine-tuning (SFT), (3) SFT with L2 regularization 367

(weight decay = 0.01), (4) SFT with random edge 368

penalty, and (5) SFT with neuron-level penalty. For 369

fair comparison, random edge penalty selects the 370

same number of edges as IFSR but randomly, using 371

identical penalty weight λ. Neuron-level penalty 372

operates directly on MLP activations: we identify 373

error neurons on the attribution set by computing 374

the ratio of mean activation magnitude on incorrect 375

predictions to that on correct predictions, then pe- 376

nalize high-contrast neurons during training with 377

matched λ and count. 378

Implementation All models are trained on 8× 379

NVIDIA H800 GPUs for 2 epochs with learning 380

rate 2× 10−5 and batch size 8. The penalty weight 381

λ controls the trade-off between standard language 382

modeling and error suppression. Empirically, we 383

find that λ ∈ [0.1, 1.0] yields optimal performance 384

on most tasks (see Appendix C), with the method 385

showing low sensitivity to the exact value within 386

this range. IFSR introduces modest computational 387

overhead (approximately 5–11% training time); see 388

Appendix D for details. 389

4.2 Main Results 390

Table 1 presents test accuracy across all tasks. All 391

reported results are the average of three indepen- 392

dent runs with different random seeds to ensure 393

statistical stability. IFSR consistently outperforms 394
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Task Base SFT IFSR

MNLI 30.85 85.90 90.63↑4.73%
SST-2 76.60 95.00 96.50↑1.50%
Emotion 28.60 93.65 93.95↑0.30%
AG News 28.40 91.20 92.85↑1.65%
Finance 28.99 78.22 83.51↑5.29%
CoLA 65.10 82.55 84.28↑1.73%
BoolQ 58.10 80.75 86.35↑5.60%
BeaverTails 43.80 84.95 86.05↑1.10%
CodeXGLUE 40.86 63.81 66.04↑2.23%
Logic 8.59 14.74 15.09↑0.35%
Average 41.34 77.08 79.53↑2.45%

Table 1: Test accuracy (%) on ten classification tasks.
IFSR consistently improves over SFT across all tasks.

standard SFT, with average improvements ranging395

from 0.3 to 5.6 percentage points.396

The gains are particularly notable on medium-397

difficulty tasks: BoolQ (+5.6%), Finance (+5.3%),398

and MNLI (+4.7%). For tasks where SFT already399

achieves near-ceiling performance (SST-2: 95%),400

IFSR still provides modest gains (+1.5%), but the401

room for improvement is inherently limited. Sim-402

ilarly, for particularly challenging tasks (Logic:403

14.74% on 13-way classification), where the base404

model struggles fundamentally, IFSR offers lim-405

ited additional benefit (+0.35%), suggesting that406

error edge correction cannot compensate for insuf-407

ficient base capability. These results demonstrate408

that IFSR provides consistent improvements across409

diverse task types and difficulty levels, with the410

largest gains on tasks where SFT leaves meaning-411

ful room for improvement.412

4.3 Ablation Study413

Table 2 compares IFSR against alternative regular-414

ization strategies across all ten tasks.415

L2 Regularization L2 regularization penal-416

izes all parameters uniformly and cannot distin-417

guish useful patterns from problematic ones. It418

slightly underperforms SFT on average (76.00% vs419

77.08%), confirming that uniform parameter shrink-420

age does not provide targeted error correction.421

Random Edge Penalty Penalizing randomly se-422

lected feature edges with identical hyperparame-423

ters degrades performance below SFT (75.51% vs424

77.08%). This confirms that our error edge identi-425

fication is essential: arbitrary feature suppression426

is actively harmful, while principled selection im-427

proves performance.428

Neuron-Level Penalty Operating directly on 429

neurons rather than sparse features yields substan- 430

tial degradation (64.47% average), often below the 431

base model. We identify error neurons by com- 432

puting the ratio of mean activation on incorrect 433

samples to correct samples: 434

Lneuron =
1

|Nerr|
∑

(l,i)∈Nerr

wl,i · |h
(i)
l | (8) 435

where Nerr denotes error neurons, h(i)l is neuron 436

activation, and wl,i is the contrast ratio. Cru- 437

cially, even the highest-ranked error neurons ex- 438

hibit modest contrast ratios, typically between 1.4× 439

and 2.8× (see Appendix E), indicating that error- 440

related activation patterns are diffusely distributed 441

across the neuron space rather than concentrated 442

in specific units. The severe performance degra- 443

dation demonstrates the polysemanticity problem: 444

penalizing a neuron suppresses multiple unrelated 445

behaviors, causing catastrophic interference. This 446

validates the necessity of sparse feature space for 447

targeted intervention. 448

4.4 Cross-Task Generalization 449

A natural concern is whether IFSR, which penal- 450

izes task-specific error patterns, might harm per- 451

formance on other tasks. Table 3 shows cross-task 452

evaluation: rows indicate the IFSR training task, 453

columns indicate the evaluation task (base model 454

accuracy shown in the first row for reference). 455

Results show that IFSR training generally does 456

not harm performance on unrelated tasks. In many 457

cases, we observe positive transfer: for exam- 458

ple, IFSR trained on Logic improves CoLA from 459

65.10% to 69.22%, and IFSR trained on Finance 460

improves CoLA from 65.10% to 68.55%. This 461

suggests that error patterns are not entirely task- 462

specific; correcting certain computational pathways 463

may improve general linguistic representations that 464

benefit multiple tasks. A few exceptions exist: AG 465

News training notably degrades SST-2 and CoLA, 466

likely because news classification encourages topic- 467

focused representations that conflict with sentiment 468

and grammaticality judgments. Overall, transfer 469

patterns are not always predictable, but IFSR rarely 470

causes substantial degradation on unrelated tasks. 471

4.5 Error Edge Analysis 472

We analyze the structure and semantics of identified 473

error edges to understand what features contribute 474

to model failures. 475
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Method MNLI SST-2 Emo. AG Fin. CoLA BoolQ Beav. Code Logic Avg.

SFT 85.90 95.00 93.65 91.20 78.22 82.55 80.75 84.95 63.81 14.74 77.08
+ L2 Reg. 84.20 95.80 93.30 91.10 75.70 80.80 77.80 84.30 62.30 14.70 76.00
+ Random Edge 83.50 93.10 91.50 90.70 77.30 81.30 78.10 81.90 63.20 14.50 75.51
+ Neuron Pen. 72.40 67.30 83.40 73.85 53.09 76.13 67.30 71.60 66.27 13.33 64.47
IFSR 90.63 96.50 93.95 92.85 83.51 84.28 86.35 86.05 66.04 15.09 79.53

Table 2: Ablation study comparing IFSR against alternative regularization strategies. L2 Reg.: weight decay =
0.01. Random Edge: penalizing randomly selected edges with matched count and λ. Neuron Pen.: penalty on error
neurons identified in activation space.

Train ↓ / Eval → MNLI SST-2 Emo. AG Fin. CoLA BoolQ Beav. Code Logic

Base Model 30.85 76.60 28.60 28.40 28.99 65.10 58.10 43.80 40.86 8.59

MNLI – 78.50 37.20 29.85 56.80 67.80 64.20 44.50 42.15 10.30
SST-2 35.20 – 49.95 30.85 61.21 48.90 65.30 50.05 59.34 12.46
Emotion 34.60 68.80 – 31.80 62.76 61.97 59.10 45.30 44.65 10.70
AG News 32.10 49.15 28.55 – 29.12 31.93 56.45 52.55 47.83 8.02
Finance 33.80 75.00 37.80 28.15 – 68.55 63.00 41.05 39.84 9.47
CoLA 32.40 78.85 32.20 29.80 57.09 – 57.75 43.35 39.95 8.60
BoolQ 33.60 74.05 35.55 29.25 57.22 65.29 – 42.30 41.48 8.72
BeaverTails 35.40 66.10 36.05 29.80 58.76 66.54 62.65 – 39.72 13.86
CodeXGLUE 31.50 73.65 28.50 23.95 22.76 64.53 53.80 53.05 – 9.12
Logic 34.80 74.95 35.35 29.85 58.76 69.22 62.60 41.75 39.48 –

Table 3: Cross-task generalization. Each row shows performance of an IFSR model (trained on the row task)
evaluated on different tasks. Values above base model accuracy indicate positive transfer; most IFSR models
maintain or improve base performance on unrelated tasks.

Structural Statistics Table 4 summarizes er-476

ror edge statistics across tasks. Several patterns477

emerge: (1) Error edges predominantly connect fea-478

tures (F→F), with only 1–2.5% directly targeting479

logits (F→L). (2) Source features concentrate heav-480

ily in early layers (Layer 0–2), suggesting errors481

often originate in embedding-level representations.482

(3) A small number of high-degree nodes, which483

we term hub features, participate in disproportion-484

ately many error edges. For instance, in CoLA,485

a single Layer-0 feature serves as the source for486

65.9% of all error edges.487

Task #Edges F→L% Src L0%

CoLA 352 2.0% 65.9%
Logic 101 2.0% 37.6%
AG News 622 1.1% 25.1%
Finance 294 1.4% 31.6%
BoolQ 175 2.3% 28.0%
CodeX 1,028 1.3% 18.2%

Table 4: Error edge statistics. F→L%: percentage of
edges directly to logits; Src L0%: percentage of edges
originating from Layer 0.

Interpretability Assessment We examine hub488

features on Neuronpedia (Lin, 2023) to assess489

whether error-contributing features have human-490

interpretable semantics. We find that most error-491

contributing features resist clear interpretation, 492

even when with the label provided by automated 493

interpretability tools. 494

Interpretable Case. In the Logic (fallacy detec- 495

tion) task, the top hub feature F:13:91971 is the 496

target of 24% of error edges. Its positive logits 497

strongly activate on preference-related vocabulary: 498

prefers (0.95), preference (0.93), prefer (0.91), in- 499

clined (0.73). A plausible hypothesis: this feature 500

may help detect “Appeal to Personal Preference” 501

fallacies, but over-triggers on legitimate preference 502

expressions, causing false positives. 503

Uninterpretable Case. In CoLA (gram- 504

maticality judgment), the dominant hub feature 505

F:0:75722 serves as the source for 65.9% of 506

error edges. Neuronpedia labels it “falt,” but 507

its activations are incoherent: Android lifecycle 508

methods (onCreateView), C# initialization code 509

(BeginInit), the Portuguese word “faltando,” and 510

the English preposition “of.” Why an early-layer 511

feature with such scattered activations dominates 512

grammaticality errors remains opaque. 513

1https://www.neuronpedia.org/gemma-2-2b/
13-clt-hp/9197

2https://www.neuronpedia.org/gemma-2-2b/
0-clt-hp/7572
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Error Propagation Chains We observe multi-514

hop error propagation chains spanning up to 4515

layers. In Logic, one chain connects: F:0:4812516

(“searching/proposing”) → F:9:12977 (“posting517

information”) → F:13:9197 (preference words).518

While this may suggest an argumentative pattern:519

proposing claims → disseminating information →520

expressing preferences, we caution that such post-521

hoc narratives may be unfounded.522

Summary While circuit-based error identifica-523

tion is tractable, most hub features resist human524

interpretation. This validates our hypothesis: the525

sparse feature space serves as a computational sub-526

strate for automatic error identification, indepen-527

dent of human understanding. The sparse feature528

space serves as a computational substrate for au-529

tomatic error identification, not as a medium for530

human analysis. Our method succeeds precisely be-531

cause it sidesteps the bottleneck of human interpre-532

tation, relying instead on statistical discrimination533

between correct and incorrect predictions. Addi-534

tional case studies are provided in Appendix F.535

4.6 Iterative Refinement536

IFSR supports multi-round iterative refinement.537

Starting from an SFT checkpoint, we fine-tune538

the CLT using task data combined with general539

pretraining data, then re-identify error edges for540

subsequent rounds. CLT fine-tuning follows the541

setup of Karvonen (2025). Table 5 shows results542

over four iterations on four tasks.543

Task SFT R1 R2 R3 R4

BoolQ 80.75 85.94 87.31 88.17 87.91
CodeXGLUE 63.81 65.79 66.40 66.89 66.75
MNLI 85.90 89.21 91.47 92.74 92.35
CoLA 82.55 83.77 85.36 85.23 85.34

Table 5: Iterative refinement over four rounds (R1–R4).
CLT is fine-tuned between rounds to adapt to shifted
activation distributions.

As shown in Table 5, all four tasks exhibit sub-544

stantial and consistent performance gains through545

this iterative process. The most significant uplift is546

observed in the first two rounds, and performance547

generally peaks at R3. The diminishing but sus-548

tained gains suggest that each iteration reveals new549

error patterns masked by dominant errors.550

Observations on Error Edge Evolution Under551

fixed frequency thresholds and attribution set size552

(500 samples), we observe that identifiable error553

edges decrease across rounds. This aligns with 554

the intuition that IFSR progressively eliminates the 555

most prominent error patterns. However, due to the 556

substantial computational cost of CLT fine-tuning, 557

we have not conducted extensive analysis across 558

more tasks. These observations from four tasks 559

may not generalize universally. Furthermore, since 560

CLT fine-tuning alters feature semantics, we con- 561

sider cross-round feature tracking to be of limited 562

value: the same feature index may represent differ- 563

ent computational roles after CLT adaptation. 564

5 Conclusion 565

We have presented Interpretable Feature-Space 566

Regularization (IFSR), a framework that trans- 567

forms mechanistic interpretability from post-hoc 568

analysis into training-time optimization. Experi- 569

ments across ten classification tasks demonstrate 570

consistent gains. Ablations confirm that both sparse 571

feature space and principled error edge identifica- 572

tion are essential: random penalties and neuron- 573

level interventions fail or harm performance. Cross- 574

task evaluation shows that correcting error patterns 575

can transfer positively to unrelated tasks. 576

A key finding of this work is that human interpre- 577

tation of error patterns is unnecessary for effective 578

correction. Most patterns identified by our method 579

resist semantic interpretation, yet penalizing them 580

still improves task performance. This validates our 581

core hypothesis: the sparse feature space serves 582

as a computational substrate for automatic error 583

identification, independent of human understand- 584

ing. Interpretability, in this framing, serves the 585

model rather than human understanding. 586

Several directions remain for future work, in- 587

cluding more sophisticated algorithms for error pat- 588

tern discovery, more efficient transcoder adaptation 589

methods, and application to broader tasks and archi- 590

tectures. This work points toward a potential new 591

axis for scaling: as interpretability tools improve 592

and feature spaces become richer, the capacity for 593

automatic internal supervision may scale accord- 594

ingly. Rather than training models solely on what 595

outputs to produce, we can guide how they com- 596

pute. We hope this encourages the community to 597

view mechanistic interpretability not merely as a 598

tool for understanding models, but as a foundation 599

for improving them. 600
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Limitations601

Model Scope We evaluate IFSR exclusively on602

Gemma-2-2B, selected for its mature interpretabil-603

ity ecosystem with publicly available cross-layer604

transcoders. Whether our findings generalize to605

other architectures (e.g., Llama, Mistral) and scales606

remains to be validated as interpretability tools be-607

come available for more models.608

Task Scope Our experiments focus on classifica-609

tion tasks where correctness is unambiguous. Ex-610

tending IFSR to generation tasks requires defining611

“error patterns” for sequential outputs where multi-612

ple valid completions exist.613

Computational Overhead IFSR introduces614

overhead for CLT inference and attribution graph615

construction during training. Single-round IFSR616

adds approximately 5–11% training time compared617

to standard SFT (see Appendix D for details). Itera-618

tive refinement requires additional CLT fine-tuning619

between rounds, which is computationally more620

expensive.621

Attribution Set Requirements Our method re-622

quires held-out samples with both correct and incor-623

rect predictions. For tasks where the initial model624

achieves very high or very low accuracy, obtaining625

sufficient error samples may be challenging.626

Theoretical Understanding We demonstrate627

empirical effectiveness but lack theoretical guar-628

antees on when IFSR improves over standard fine-629

tuning. The relationship between error edge struc-630

ture and expected gains deserves deeper investiga-631

tion.632
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A Attribution Weight Derivation776

We provide a detailed explanation of how edge777

weights in attribution graphs are computed and why778

this formulation captures causal effects between779

features.780

Local Linear Approximation In a transformer781

with cross-layer transcoders (CLTs), the activation782

of a downstream feature at depends on upstream783

feature activations through a complex computa-784

tional graph. However, under certain linearization785

conditions, we can approximate this dependency786

locally.787

Following Ameisen et al. (2025), we freeze at-788

tention patterns and layer normalization denomi-789

nators during attribution. Combined with the fact790

that CLT features “bridge over” MLP nonlineari-791

ties, this makes the direct effect of one feature on792

another approximately linear at the current operat-793

ing point. Specifically, near the current activation794

values, we have:795

at ≈ a
(0)
t +

∑
s

∂at
∂as

· as (9)796

where a
(0)
t is the value of at when all upstream797

features are zero, and the partial derivative ∂at
∂as

798

represents the linear coefficient relating s to t.799

Direct Effect Interpretation The edge weight800

As→t =
∂at
∂as

· as can be interpreted as the direct801

causal contribution of node s to node t. The gradi-802

ent term ∂at
∂as

measures how sensitive t is to changes803

in s, while multiplying by as weights this sensitiv-804

ity by the actual magnitude of s’s activation. This805

ensures that:806

• A feature with high sensitivity but near-zero807

activation contributes little;808

• A strongly activated feature with low sensitiv-809

ity also contributes little;810

• Only features that are both sensitive and811

strongly activated have large effects.812

Computation via Automatic Differentiation In813

practice, we compute these partial derivatives us-814

ing automatic differentiation. For efficiency, rather815

than computing gradients for each pair of nodes816

separately, we perform a single backward pass from817

the target nodes (e.g., output logits) to obtain gradi-818

ents with respect to all feature activations simulta- 819

neously: 820

∂alogit
∂as

= autograd.grad(alogit, as) (10) 821

For intermediate feature-to-feature edges, we can 822

similarly compute gradients by treating down- 823

stream features as targets. The computational cost 824

is linear in the number of layers times the number 825

of target nodes, making it tractable for graphs with 826

thousands of active features. 827

Relationship to Intervention-Based Attribution 828

This gradient-based attribution can be viewed as 829

a first-order approximation to intervention-based 830

causal analysis. A true causal effect would require 831

intervening on as (setting it to different values) and 832

observing changes in at. The linear approxima- 833

tion As→t estimates this effect without requiring 834

multiple forward passes, enabling efficient graph 835

construction over large feature sets. 836

B Dataset Details 837

Table 6 summarizes the dataset statistics and parti- 838

tioning for all ten tasks. 839

Data Partitioning Strategy For datasets with 840

sufficient samples, we use up to 20,000 examples 841

for training; for smaller datasets, we use all avail- 842

able training data. We reserve 10% of the data as 843

the validation set for evaluation. The attribution set 844

consists of 500 uniformly sampled examples, held 845

out from both training and validation sets. 846

Multi-Round Attribution For the four tasks 847

where we conduct multi-round iterative refinement 848

(BoolQ, CodeXGLUE, MNLI, and CoLA), we sam- 849

ple a fresh set of 500 attribution examples for each 850

round. This ensures that error edge identification 851

in later rounds is not biased by patterns already 852

penalized in earlier rounds. 853

C Hyperparameter Sensitivity 854

We sweep the penalty weight λ from 0.1 to 1.0 to 855

study the sensitivity of IFSR to this hyperparameter. 856

Table 7 presents results on four representative tasks 857

spanning different domains and difficulty levels. 858

Optimal λ values consistently fall within the 859

range [0.5, 0.6], and performance degrades grace- 860

fully outside this range. This suggests that practi- 861

tioners can safely use λ = 0.5 as a default without 862

extensive tuning. 863
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Task Train Val Attr Source

MNLI 20,000 2,000 500 GLUE
SST-2 20,000 2,000 500 GLUE
CoLA 8,551 1,043 500 GLUE
BoolQ 9,427 3,270 500 SuperGLUE
AG News 20,000 2,000 500 Zhang et al.
Emotion 16,000 2,000 500 SemEval
Finance 4,070 776 500 FPB
BeaverTails 20,000 3,021 500 PKU-A
CodeXGLUE 6,664 851 500 Devign
Logic 2,680 570 500 Jin et al.

Table 6: Dataset statistics. Train/Val/Attr denote the
number of examples in training, validation, and attri-
bution sets, respectively. FPB: FinancialPhraseBank;
PKU-A: PKU-Alignment.

λ MNLI Finance BoolQ SST-2

0.1 89.85 82.47 86.10 96.15
0.3 90.21 82.99 86.20 96.35
0.5 90.63 83.25 86.35 96.50
0.6 90.45 83.51 86.15 96.40
0.8 90.12 83.12 85.80 96.25
1.0 89.78 82.73 85.55 96.10

SFT 85.90 78.22 80.75 95.00

Table 7: Test accuracy (%) across different λ values.
Bold indicates best performance per task. All optimal
values fall within [0.3, 0.8], demonstrating low sensitiv-
ity to exact hyperparameter choice.

D Computational Overhead Analysis864

We analyze the computational overhead of IFSR865

compared to standard SFT training. All experi-866

ments are conducted on 8× NVIDIA H800 GPUs867

with identical batch sizes and training configura-868

tions.869

Training Time Table 8 summarizes the time870

overhead. IFSR introduces a modest slowdown of871

approximately 5–11% compared to standard SFT,872

primarily due to: (1) loading and processing error873

edge information, (2) computing the penalty term874

through CLT forward passes, and (3) additional875

gradient computation for the penalty loss.876

Metric IFSR SFT

Training speed (it/s) 6.9–8.6 7.2–9.0
Relative slowdown 4–5%
Total time overhead 5–11%

Table 8: Training speed comparison between IFSR and
standard SFT on 8× H800 GPUs.

Memory Requirements IFSR requires addi-877

tional memory for: (1) storing error edge indices878

and weights, (2) maintaining intermediate activa- 879

tions for penalty gradient computation, and (3) CLT 880

encoder parameters (frozen). We estimate the addi- 881

tional memory overhead at 10–30% depending on 882

the number of error edges. In practice, IFSR train- 883

ing fits within the same GPU memory constraints 884

as SFT for all experiments. 885

Attribution Graph Construction The one-time 886

cost of constructing attribution graphs on the 500- 887

sample attribution set is approximately 15–30 min- 888

utes per task, depending on sequence length. This 889

cost is amortized across training and does not affect 890

per-iteration training speed. 891

E Neuron-Level Ablation Details 892

Table 9 presents the top-10 error neurons identi- 893

fied for each task, ranked by contrast ratio (mean 894

activation on incorrect samples divided by mean 895

activation on correct samples). Across all tasks, 896

even the highest-contrast neurons show ratios be- 897

low 3.5×, with most tasks exhibiting maximum ra- 898

tios between 1.5× and 2.8×. This confirms that er- 899

ror patterns are diffusely encoded across the dense 900

neuron space, making targeted intervention infeasi- 901

ble without sparse decomposition. 902

Layer Distribution Error neurons are distributed 903

across all transformer layers (0–25 for Gemma-2- 904

2B), with no clear concentration in early, middle, 905

or late layers. This further supports the hypothesis 906

that error-inducing computations are not localized 907

to specific model components. 908

Comparison with Sparse Features In contrast 909

to the modest neuron contrast ratios (1.4–3.4×), 910

error edges in the sparse feature space can exhibit 911

substantially higher selectivity, as CLT features are 912

trained to capture monosemantic concepts. This 913

difference explains why feature-level intervention 914

succeeds where neuron-level intervention fails. 915

F Error Edge Case Studies 916

This appendix provides additional analysis of error 917

edges and hub features across tasks. 918

F.1 Hub Feature Summary 919

Table 10 summarizes the top hub features across 920

tasks with their Neuronpedia interpretations and 921

our interpretability assessment. 922
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Rank MNLI SST-2 Emotion AG News Finance CoLA BoolQ Beaver. CodeX Logic

1 1.73 2.81 1.92 1.74 2.73 1.91 1.50 1.55 2.84 3.41
2 1.69 2.75 1.91 1.70 2.52 1.90 1.50 1.52 2.45 2.36
3 1.65 2.70 1.88 1.66 2.50 1.83 1.49 1.50 2.44 2.02
4 1.62 2.63 1.80 1.64 2.41 1.80 1.47 1.48 2.33 1.93
5 1.59 2.61 1.77 1.61 2.39 1.72 1.46 1.47 2.27 1.93
6 1.56 2.58 1.73 1.59 2.34 1.64 1.45 1.46 2.27 1.92
7 1.53 2.50 1.71 1.56 2.34 1.64 1.43 1.45 2.16 1.88
8 1.50 2.48 1.71 1.56 2.33 1.63 1.42 1.45 2.14 1.82
9 1.48 2.47 1.71 1.55 2.31 1.63 1.42 1.45 2.13 1.75
10 1.45 2.42 1.71 1.55 2.31 1.62 1.41 1.45 2.08 1.74

Max 1.73 2.81 1.92 1.74 2.73 1.91 1.50 1.55 2.84 3.41

Table 9: Contrast ratios of top-10 error neurons per task. Values represent the ratio of mean absolute activation
on incorrectly classified samples to correctly classified samples. Even the highest-ranked neurons show modest
contrast (typically < 3×), indicating diffuse error encoding in dense neuron space.

Task Feature Label Interp. Notes

CoLA F:0:7572 “falt” × Activates on code, Portuguese, prepositions;
65.9% of edges

CoLA F:3:5222 “mes” × Medical terms + code; unclear grammar rele-
vance

Logic F:13:9197 preference ✓ Clear preference vocabulary; plausible fallacy
connection

Logic F:0:4812 “searching” ∼ Proposing/searching verbs; serves as chain
source

AG News F:2:4725 “appropriate” ∼ Evaluative adjective; unclear news category link
AG News F:1:10855 “mark” × Person/place names; no clear news classification

relevance
Finance F:6:8804 “calendar” ∼ Date/time expressions; possible sentiment inter-

ference
Finance F:3:5691 “choices” ✓ Decision vocabulary (option, risk); common in

financial text
BoolQ F:10:5154 “measurements” ✓ Numbers/percentages; numerical reasoning dif-

ficulty
CodeX F:9:14755 “works” ∼ Functionality semantics; defect detection confu-

sion

Table 10: Hub feature analysis across tasks. ✓ = interpretable with plausible task connection; ∼ = has label but task
connection unclear; × = uninterpretable or incoherent activations.

F.2 Finance Sentiment: Decision Vocabulary923

The Finance task provides an instructive case where924

feature semantics partially explain errors. The hub925

feature F:3:56913 (labeled “choices”) activates on926

decision-related abstract concepts:927

• option (17.50), decision (17.00), assumption928

(15.44)929

• risk (14.81), right (14.56), principle (14.31)930

• opportunity (13.81), advantage (11.69), lib-931

erty (12.06)932

In financial texts, words like “option” (stock933

options), “risk,” and “opportunity” are domain-934

specific but sentiment-neutral. The model may935

3https://www.neuronpedia.org/gemma-2-2b/
3-clt-hp/5691

incorrectly associate these decision-related terms 936

with positive or negative sentiment, leading to mis- 937

classification. This represents a case where in- 938

terpretable feature semantics provide a plausible 939

(though unverified) explanation for task errors. 940

F.3 AG News: Token-Level Patterns 941

In contrast, the AG News hub feature F:1:108554 942

(labeled “mark”) exemplifies features with clear 943

activation patterns but no obvious task relevance. 944

It activates on: 945

• Personal names: Mark Twain, Mark Wahlberg 946

• Geographic names: Finnmark, Denmark, Tele- 947

mark 948

4https://www.neuronpedia.org/gemma-2-2b/
1-clt-hp/10855
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• Words containing “mark”: unremarkable, su-949

permarket950

This feature participates in 276 error edges951

(second-highest for AG News), yet the connection952

between the token “mark” and news topic classifi-953

cation remains opaque. Such cases illustrate that954

even features with coherent activation patterns may955

participate in errors through mechanisms that resist956

human interpretation.957

F.4 Error Chain Structure958

Beyond individual features, we observe that errors959

propagate through multi-hop chains in the compu-960

tational graph. The longest observed chain (4 hops)961

occurs in Logic:962

F:0:4812
L0→L9−−−−→ F:9:12977

L9→L13−−−−→ F:13:9197
L13→L14−−−−−→963

F:14:11674964

The semantic labels of these features suggest a965

narrative:966

• F:0:4812 (Layer 0): “searching and967

proposing”—activates on verbs like searched,968

propose, examined969

• F:9:12977 (Layer 9): “posting information”—970

activates on posting, updates, announcing971

• F:13:9197 (Layer 13): preference vocabulary972

(discussed in main text)973

One interpretation: this chain represents an ar-974

gumentative structure where claims are proposed,975

information is disseminated, and preferences are976

expressed—patterns that might co-occur with cer-977

tain fallacy types. However, we emphasize this is978

speculative; establishing true causal mechanisms979

would require intervention experiments beyond our980

current scope.981

F.5 Interpretability Limitations982

Our analysis reveals several systematic challenges983

in interpreting error-contributing features:984

1. Label-behavior mismatch: Automated inter-985

pretability labels often describe surface token986

patterns rather than computational functions987

2. Post-hoc rationalization: Connecting feature988

semantics to task-specific errors invites un-989

founded speculation990

3. Early-layer dominance: Many error sources991

are Layer 0–2 features with mixed or incoher-992

ent activation patterns993

4. Polysemantic features: Despite CLT train- 994

ing, some features still activate on multiple 995

unrelated patterns 996

These findings reinforce the central claim of 997

IFSR: effective error correction does not require 998

human understanding of error mechanisms. Sta- 999

tistical identification of error-correlated features 1000

suffices for targeted intervention, even when the 1001

“why” remains opaque. 1002

14


	Introduction
	Related Work
	Interpretable Feature-Space Regularization
	Feature Space Construction
	Error Pattern Identification
	Training with Edge Penalty
	Iterative Refinement

	Experiments
	Experimental Setup
	Main Results
	Ablation Study
	Cross-Task Generalization
	Error Edge Analysis
	Iterative Refinement

	Conclusion
	Attribution Weight Derivation
	Dataset Details
	Hyperparameter Sensitivity
	Computational Overhead Analysis
	Neuron-Level Ablation Details
	Error Edge Case Studies
	Hub Feature Summary
	Finance Sentiment: Decision Vocabulary
	AG News: Token-Level Patterns
	Error Chain Structure
	Interpretability Limitations


