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Abstract

We investigate why reasoning improvements from reinforcement learning on chain-1

of-thought (RL-CoT) often fail to transfer across superficially different problem2

presentations. Using parallel datasets where identical logical problems are ex-3

pressed as formal statements versus natural language narratives (n=200 problem4

pairs), we find that DeepSeek-R1-Distill-Qwen3-8B solves formal variants re-5

liably but fails on isomorphic narrative versions. Through causal intervention6

experiments, we show this performance gap reflects failed invocation and not7

necessarily missing competence. Patching MLP activations (layers 12-18) from8

the final token of successful formal-problem runs into failed narrative-problem9

runs yields 20% absolute accuracy improvement (Cohen’s d=0.57), emergence of10

self-correction behaviors (increased occurrence of "wait," "alternatively" tokens),11

and longer but more productive chains-of-thought. Crucially, patching rescues12

problem-solving without introducing any new information, only activations from13

the same underlying problem in a different surface form. These results provide14

evidence that RL-CoT training produces reasoning computations that exist within15

the model but fail to activate consistently across problem framings. The narrow16

layer band (12-18) where patching succeeds, combined with degenerate behaviors17

when patching earlier layers, suggests these computations occupy specific neural18

localities rather than being distributed throughout the network, demonstrating that19

current RL methods produce reasoning capabilities keyed to training distribution20

surface features rather than abstract problem structure.21

1 Introduction22

Frontier “reasoning" models show sharp gains on math and coding, yet progress elsewhere remains23

decidedly non-monotonic, yielding a jagged capability frontier. Performance spikes dramatically24

in formal domains while staying flat or even regressing in narrative reasoning, writing quality, and25

everyday logical inference. System cards for o1/o3, Gemini 2.5, and DeepSeek-R1 emphasize26

state-of-the-art results on competition mathematics and scientific reasoning, but offer scant evidence27

of comparable improvements in narrative logical consistency [OpenAI, 2024, 2025, Comanici et al.,28

2025, Guo et al., 2025].29

Recent stress tests underscore this uneven generalization. The Illusion of Thinking reports sharp30

accuracy collapses as problem complexity crosses certain thresholds, while broader evaluation31

frameworks document heterogeneous, prompt-sensitive gains that vary wildly across task families32

[Shojaee et al., 2025, Liang et al., 2022, Wang et al., 2024]. The pattern is consistent: models that33

elegantly solve mathematical problems often stumble when asked to track relationships in a simple34

story.35
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Many recent systems adopt Reinforcement Learning from Verifiable Rewards (RLVR), using outcome36

verifiers or process reward models implemented through PPO variants or GRPO [Wen et al., 2025,37

Lightman et al., 2023, Setlur et al., 2024, Shao et al., 2024]. RLVR can incentivize logically consistent38

solutions without exhaustive human labels. Yet despite these advances, cross-domain reliability39

remains frustratingly poor.40

Related work. Building on prior work in reinforcement learning from verifiable rewards [Wen41

et al., 2025, Setlur et al., 2024, Khalifa et al., 2025, Ye et al., 2025], robustness to variation in surface42

form [Mizrahi et al., 2024, Sclar et al., 2024, Gupta et al., 2024], and causal interventions that steer43

models at inference time [Meng et al., 2022, Turner et al., 2023, Ilharco et al., 2022, Burns et al.,44

2022], we present causal evidence that reusable reasoning circuits do exist but frequently fail to45

activate under narrative framing.46

In this paper, we investigate why reasoning improvements fail to transfer across superficially different47

presentations as a first step in the direction of figuring out why the RL-CoT paradigm does not48

generalize. When a model solves graph theory problems correctly but fails on isomorphic social49

network stories, two explanations arise: either the model lacks narrative competence, or it experiences50

an invocation bottleneck where necessary computations exist but fail to engage. To distinguish51

these, we employ activation patching as a minimal causal probe. We copy mid-layer MLP outputs52

from successful formal runs into failed narrative runs of the same logical problem. If this restores53

performance without adding information, it supports the invocation hypothesis.54

On DeepSeek-R1-Distill-Qwen3-8B with 200 isomorphic problem pairs, patching from matched55

formal problems improves narrative accuracy by 20.5% absolute (45.0% to 65.5%). Counterfactual56

controls reveal graduated effects: random formal donors yield +14.0%, while averaged donors57

produce +17.5%, suggesting both generic "reasoning mode" activation and problem-specific circuit58

reuse. The effect localizes precisely to layers 12-18; earlier layers induce degenerate repetition, while59

later layers show minimal impact.60

Our contributions are:61

1. Causal evidence that apparent reasoning failures in RL-trained models often reflect invoca-62

tion bottlenecks rather than missing competence.63

2. Localization of transferable computations to a narrow band of mid-late layers (12-18),64

providing architectural constraints on where reasoning emerges.65

3. A methodology for diagnosing competence-invocation gaps that may generalize to other66

capability discontinuities in language models.67

2 Experimental Setup68

This section details our dataset, intervention methods, and evaluation strategy. The experiments were69

conducted on DeepSeek-R1-Distill-Qwen3-8B using a single NVIDIA A100 GPU, with each full70

evaluation requiring approximately three hours. In the next section, we present specific results.71

2.1 Model and Implementation72

We employ DeepSeek-R1-Distill-Qwen3-8B, a distilled model designed for formal reasoning tasks73

and based on the Qwen3 architecture [DeepSeek-AI, 2025]. This model was selected as it combines74

strong formal reasoning performance with a size amenable to detailed mechanistic analysis.75

For activation extraction and intervention, we rely on TransformerLens, a library tailored for mecha-76

nistic interpretability [Nanda and Bloom, 2022]. Since the R1-0528 variant is not supported natively,77

we implemented custom extensions to enable compatibility. This setup allows us to register hooks at78

arbitrary model components, facilitating extraction, caching, and replacement of activations during79

forward passes. TransformerLens’s streamlined interface enabled efficient implementation of our80

patching methodology: we extract activations at all layers during formal problem runs and inject81

them into corresponding narrative runs, and perform a sweep to find out which layers and which82

hooks (residual stream, attention, or MLP) have the greatest impact on accuracy.83
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2.2 Dataset Construction84

Our investigation requires problem pairs that present identical logical content in both formal and85

narrative forms. To assemble such a dataset, we adopt two strategies. First, we use Gemini 2.5 Pro86

to generate 40 hand-verified problem pairs, subjecting each to careful manual review. Second, we87

expand the dataset by sampling 160 combinatorics problems from the NuminaMath-1.5 dataset and88

translating them into narrative form using Gemini 2.5 Pro [Project Numina, 2025].89

Formally stated problems are typically concise, containing explicit operations or constraints. In90

contrast, their narrative versions appear as intricate short stories of over 1,000 words, embedding the91

same logical structure within character-driven plots and detailed descriptions. For example, a formal92

graph theory problem about node connectivity may be reimagined as a complex social scenario93

among friends, where the underlying network structure is revealed through character interactions and94

multiple plot developments. While the fundamental logical challenge remains unchanged, deriving it95

from the narrative requires reasoning across a broad contextual span.96

The final dataset includes 200 problem pairs: 40 human-seeded problems, 96 combinatorics porblems97

with integer-valued answers from NuminaMath-1.5 and 64 logic puzzles from NuminaMath-1.5. The98

problems are non-trivial and often require multi-hop reasoning, such as combinatorial enumeration,99

constraint-based logical deduction, or systematic case analysis. Importantly, narrative versions100

are designed to avoid explicit formatting cues (e.g., “\boxed{}”) that occasionally elicit formal101

reasoning strategies.102

2.3 Activation Patching103

Activation patching is our primary strategy for investigating latent reasoning abilities. This technique104

allows us to substitute specific activations during a model run with those from a different context,105

thereby probing the conditions under which particular computations support correct behavior [Nanda106

and Bloom, 2022].107

For each problem pair, we evaluate the model on both the formal and narrative versions. If the108

model succeeds on the formal variant but fails on the narrative one, we intervene by replacing109

selected activations during the narrative pass with those cached from the successful formal run.110

An improvement in accuracy following such an intervention suggests that the model’s reasoning111

machinery is present but not spontaneously activated by the narrative context.112

Our patching interventions target MLP output activations at the final prompt token immediately113

preceding the start of generation. This position consistently receives high attention and serves as an114

information bottleneck at the onset of solution generation, aligning with prior analyses of induction-115

style mechanisms and prompt-end concentration [Olsson et al., 2022]. To limit intervention scope,116

we patch only MLP outputs rather than entire residual streams.117

2.4 Donor Configurations118

To diagnose which aspects of the formal activations contribute to successful narrative problem solving,119

we compare three donor strategies:120

Matched donors: We inject activations from the formal version of the same problem. This tests the121

transferability of highly specific computational state.122

Random donors: We replace activations with those from the formal run of a different, randomly123

chosen problem. This probes the effect of generic ‘reasoning mode’ signals.124

Averaged donors: We use the mean activation (computed per layer) across the entire set of formal125

problems. This configuration investigates the impact of supplying a generic, averaged computational126

state.127

2.5 Evaluation128

Our central metric is pass@1 accuracy: the proportion of problems for which the model produces129

the correct answer in its first attempt [Chen et al., 2021]. In addition to accuracy, we measure two130

behavioral indicators:131
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Figure 1: Pass@1 on formal/math variants vs. narrative variants (no interventions).

First, we record the length of the model’s generated reasoning as a descriptive covariate—we do not132

treat length as a quality signal, given evidence that longer chains do not reliably improve accuracy and133

can even hurt it [Hassid et al., 2025]. Second, to probe reflective behavior independent of verbosity,134

we count the frequency of revision markers (phrases such as “wait,”, “alternatively”, “actually,”135

or “let me reconsider”) per 100 tokens which helps control for length while capturing non-linear,136

self-corrective reasoning.137

Generation parameters are held constant across all conditions (temperature 0.7, top-p 0.9, maximum138

8000 tokens, and an appended “Answer Format: ### Answer: [answer here]”) to the prompt. The139

only experimental manipulations are the presence or absence of activation patching, and the choice of140

donor configuration.141

3 Results142

We evaluate model performance using single-sample pass@1 accuracy as well as several behavioral143

indicators, focusing on n = 200 narrative problems and their formal analogues. All experiments144

adhere to the procedures outlined in Section 2, with decoding parameters set to temperature 0.7, top-p145

0.9, and a maximum of 8,000 tokens.146

3.1 Formal vs. Narrative Baseline Gap147

Before any interventions, the model shows a large cross-form gap on the paired set (n = 200). On148

math variants it attains 78.0% pass@1, whereas on their isomorphic narrative counterparts it falls to149

45.0%: a 33-pecentage point drop. Both evaluations use identical decoding and answer-extraction150

settings, and narrative prompts omit formal formatting cues. Figure 1 summarizes the gap.151

This discrepancy motivates the causal probe: can a minimal cross-domain activation transfer, without152

adding any new external information, recover narrative performance by placing the model in the right153

internal task state?154

3.2 Main Accuracy Effects155

Transferring activations at the final prompt token yields a substantial and robust improvement156

in narrative problem accuracy across all donor configurations (Table 1). The baseline pass@1157

accuracy on narrative tasks is 45.0 percent. With matched donor interventions, this rises to 65.5158

percent (an absolute gain of 20.5 percent). Averaged donor patching achieves 62.5 percent (+17.5159

percent), and random donor patching results in 59.0 percent (+14.0 percent). This ordered hierarchy160

of improvement, matched surpassing averaged, which in turn surpasses random, suggests two161

contributing mechanisms: first, a general "reasoning mode" induced by formal activations, and162

in addition, enhanced transfer of problem-specific computations when the donor is appropriately163

matched.164

The effect size for the matched donor condition is substantial, with Cohen’s d measured at 0.57,165

indicating a medium-to-large improvement beyond statistical noise. Notably, these considerable166
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Figure 2: Pass@1 Accuracy on Narrative Variants

Condition Pass@1 (%) ∆ vs. Baseline (abs.%)

Baseline (no patch) 45.0 —
Random donor 59.0 +14.0
Averaged donor 62.5 +17.5
Matched donor 65.5 +20.5

Table 1: Narrative pass@1 with minimal activation transfer. single-sample pass@1 (n = 200).

performance gains occur without introducing new external information; rather, the intervention solely167

involves transplanting internal activations that the model produced in the context of formally stated168

problems.169

3.3 Localization over Depth and Component170

To determine the loci of effective activation transfer, we systematically sweep across network layers171

and component types. The results reveal marked specificity: patching the MLP outputs in layers 12172

through 18 is solely responsible for the observed gains in accuracy. Patching other components, or173

intervening at other depths, is either ineffective or actively detrimental.174

Interventions in early layers (1–11) reliably degrade performance. The model frequently becomes175

trapped in repetitive “thinking loops,” endlessly emitting tokens such as <think>. This observation176

suggests that early MLP activations encode global “reasoning mode” signals, which, when amplified177

indiscriminately, dominate and destabilize the solution process. In contrast, MLP patches in late layers178

(25–36) are largely inert, indicating that problem-specific computation has already been integrated by179

these depths.180

Patching attention outputs alone fails to recapitulate the large accuracy gains observed with MLP181

interventions, yielding at best a modest 3 percent improvement, even at optimal layers. Full residual182

stream patching is too coarse an intervention: it induces instability similar to the deleterious early-layer183

effects. Only by precisely targeting MLP outputs in the mid-to-late layer range can we successfully184

and reliably transfer problem-solving behavior.185

3.4 Behavioral Indicators186

In addition to accuracy, activation patching induces systematic shifts in the model’s qualitative187

reasoning style. 70% of patched outputs increase in length relative to their baseline counterparts. This188

greater length is not associated with off-topic verbosity; on the contrary, these chains of thought more189

reliably converge to a final answer within the token budget, whereas baseline generations frequently190

fail to terminate with a solution.191

The most notable behavioral shift is the elevated occurrence of revision markers. In the baseline192

condition, answers generated for narrative prompts contain 0.4 revision phrases per 100 tokens.193

With matched donor patching, this rate rises to 2.3 per 100 tokens. Typical phrases include “wait,”194

“actually,” “alternatively,” and “let me reconsider.” This increase provides relatively strong evidence195

that patched models are engaging in reflective, self-corrective reasoning rather than uncritically196

following their initial trajectory.197
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Figure 3: CoT Length on Baseline vs Patched on Narrative Prompts

3.5 Qualitative Patterns198

Qualitative analysis of individual cases reveals recurrent modifications in reasoning dynamics. In199

baseline runs, the model often anchors on an initial, often flawed, interpretation and follows it200

without pause to an incorrect answer. Patched responses, in contrast, frequently feature mid-answer201

interruptions to reassess constraints, notice discrepancies, or correct calculation errors.202

For example, in a combinatorics task involving selection of committee members under nontrivial203

constraints (equivalent to counting the number of people that can sit around a round table from a group204

of 7 given that a set of 3 of them cannot set next to each other) , the baseline generation proceeds205

straightforwardly, ultimately double-counting cases due to a missed symmetry. With matched donor206

patching, the model follows the same inferential chain until the crucial juncture, then interjects:207

“Wait, I’m counting each symmetric arrangement twice. Let me adjust for this overcounting. . . ” This208

self-monitoring and course correction, absent in the baseline, leads directly to the correct answer.209

Such patterns are consistent across diverse problem types. Patched models display greater vigilance210

for their own potential mistakes, actively exploring alternate interpretations and correction strategies211

even when the solution path appears initially coherent. This suggests that the transplanted activations212

encode not only the details of specific computations but also higher-level meta-reasoning heuristics213

concerning when to challenge one’s own assumptions.214

3.6 Controls and Ablations215

We conduct a series of control and ablation studies to probe the specificity of these effects.216

1. Formatting cues alone do offer benefits, but modest ones. Inserting explicit “Write your217

final answer in \boxed{}” instruction into narrative prompts raises accuracy by 5%,218

far less than the 20.5% gain achieved through matched patching, indicating that superficial219

formal features cannot account for the observed improvements.220

2. Shifting the patch point to the penultimate prompt token diminishes effectiveness, with the221

gain dropping to just 8 percent. This is consistent with attention-weight analyses locating an222

information bottleneck at the final pre-generation token.223

3. Normalization is indispensable for the averaged donor setting. Without layerwise L2224

normalization, averaged donor improvement is just 2 percent (down from 17.5 percent),225

probably due to large variations in activation magnitude and the deleterious effects of naively226

combining out-of-distribution activations.227

4. Control patches using Gaussian noise normalized to the same norm result in generation228

of random tokens. This rules out simple explanations based on activation magnitude or229

statistics alone: the improvements depend on the features represented in the formal problem230

activations.231

4 Methods232

This section provides implementation details not covered in the experimental setup or results, focusing233

on the precise mechanics of our activation patching approach.234
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Activation extraction and injection. We intervene at the post-MLP, pre-residual-add position235

within each transformer layer. Using TransformerLens, we hook into l.hook_mlp_out to extract236

and replace MLP output activations. The intervention occurs exclusively at the final prompt token237

position (the ‘<think>’ token). Generated tokens remain untouched throughout; we modify only238

the final hidden state that seeds the generation process.239

Formal specification of patching. During narrative forward passes, our intervention replaces the240

MLP output at position (ℓ, t∗) with a donor activation:241

z̃
(ℓ)
t∗ ← d

(ℓ)
t∗

where z denotes the original MLP outputs and d represents the cached donor vector from a formal242

problem run. All other positions and layers proceed through normal computation. This minimal,243

single-site modification allows us to test whether specific computational states suffice to recover244

reasoning performance.245

Donor activation preparation. For matched and random donor conditions, we directly use cached246

activations from the appropriate formal problem runs. The averaged donor case requires additional247

care. We first compute the mean activation across all formal problems:248

mℓ =
1

N

N∑
i=1

v
(ℓ)
i

where v(ℓ)i represents the MLP output at layer ℓ for the i-th formal problem. However, naive averaging249

can produce activations with aberrant norms. We therefore renormalize to match the typical magnitude250

at each layer:251

m̃ℓ = mℓ ·
1
N

∑
i ∥v

(ℓ)
i ∥2

∥mℓ∥2
This normalization proves essential; without it, averaged donors yield minimal improvement (see252

ablations in §3.6).253

Systematic architecture search. To identify effective intervention sites, we exhaustively eval-254

uate patching across all 36 layers and three component types: residual stream midpoints255

(hook_resid_mid), attention outputs (hook_attn_out), and MLP outputs (hook_mlp_out). Each256

configuration is tested independently to isolate its contribution. The optimal band of layers 12 through257

18 for MLP outputs was identified using a held-out development set of 20 problem pairs. All reported258

results use this fixed configuration on the full 200-pair test set.259

Detecting pathological generation. Some interventions, particularly in early layers or residual260

streams, trigger degenerate generation patterns. We automatically flag runs as failures if they exhibit261

either (a) any trigram repeating 20 or more times consecutively, or (b) more than 30 instances of the262

<think> token. Such runs are marked incorrect for accuracy computation and included in behavioral263

statistics. This conservative approach ensures we don’t artificially inflate success rates by excluding264

difficult cases.265

Answer extraction protocol. Given the diversity of problem types, we employ a cascading series266

of regex patterns to extract final answers:267

1. Integer answers: \b[-+]?\d+\b268

2. Boolean responses: \b(yes|no|true|false)\b (case-insensitive)269

3. Set notation: \{?\s*([-+]?\d+(?:\s*,\s*[-+]?\d+)*)\s*\}?270

Extracted answers undergo normalization to handle formatting variations, with punctuation removed271

and boolean values standardized to lowercase.272
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Control interventions. Two control conditions verify that improvements arise from computational273

content rather than generic properties of the intervention. For the noise control, we sample ϵ ∼274

N (0, I) and scale it to match the donor norm: ϵ · ∥d(ℓ)t∗ ∥2/∥ϵ∥2. For the shuffle control, we randomly275

permute the coordinates of formal donor vectors while preserving their layer-wise norms. Neither276

control shows meaningful accuracy improvements, confirming that specific computational patterns277

drive the observed effects.278

Statistical reporting. All accuracy figures represent single-sample pass@1 rates computed per279

problem. We report absolute accuracies and absolute improvements relative to baseline. For the280

matched donor condition, we additionally compute Cohen’s d using paired differences in per-problem281

correctness. The single-sample design prioritizes computational efficiency while providing sufficient282

statistical power given our effect sizes. Full implementation code and dataset construction scripts are283

available as detailed in the reproducibility checklist.284

5 Discussion285

Interpreting the Intervention Effects. Our findings provide a coherent account across several286

lines of evidence. The graded accuracy improvements among donor types (matched > averaged >287

random), the sharp localization to mid-late MLP layers, and the emergence of more reflective, self-288

corrective reasoning behaviors collectively indicate a specific failure mode: the model is equipped289

with the computational structures necessary to solve narrative reasoning problems, yet does not290

reliably activate these circuits in relevant contexts. The patching intervention is effective not because291

it injects new information, but because it forcibly awakens dormant computations by transplanting292

activations from formal tasks in which those computations are naturally engaged.293

A Mechanistic Hypothesis. We hypothesize that the mid-to-late MLP layers at the prompt’s294

end act as a critical gating mechanism, determining whether and how the model transitions into295

complex, task-relevant computational states. These layers appear to accumulate all preceding296

constraints from the prompt and set the stage for subsequent generation. Activation transfer from297

formal problems exerts strong influence possibly because these states encode two factors: a robust,298

domain-general “reasoning mode," which even random donors can supply, and a problem-specific299

computational residue, provided most strongly by matched donors. This view is consonant with prior300

studies on the targeted steering of neural function via activation manipulation [Zhang et al., 2023,301

TransformerLensOrg, 2025] and on the functional role of prompt-final representation pooling [Olsson302

et al., 2022].303

Implications for Reinforcement Learning from Verified Rewards. Our results offer a mechanistic304

diagnosis for the sometimes perplexing sensitivity of RLVR-trained models to input formatting.305

During RLVR, if verifiers predominantly attend to formally posed problems, policy updates will306

naturally improve both the accuracy of complex reasoning steps and the tightness of their linkage to307

specific syntactic cues. This explains why models with emerging logical abilities often display brittle308

generalization to paraphrased or narrative task variants, even if those are logically equivalent. The309

observed invocation bottleneck highlights a shortcoming of RLVR: it optimizes for correct outputs310

under training conditions, but neither encourages nor inspects robustness in state activation across311

diverse input forms.312

This understanding motivates targeted interventions at both the inference and training levels. Instead313

of optimizing solely for end-task correctness, an alternative approach would directly promote state314

robustness: ensuring that semantically equivalent problems, regardless of surface realization, evoke315

similar underlying activations. [Wen et al., 2025, Setlur et al., 2024].316

Addressing Alternative Explanations. We considered and empirically tested several plausible317

alternatives to the invocation bottleneck hypothesis. Superficial prompt reformatting, such as addition318

of explicit “\boxed{}” markers, offers some benefit (12 percent accuracy increase) but remains well319

below the effect magnitude of matched activation transfer. Second, the transfer effect is not reducible320

to generic properties of vector norm or statistical structure: both equal-norm Gaussian noise and321

shuffled donor activations are ineffective in improving performance, implicating the computational322

content of the intervention as the operative factor. Third, while patched outputs tend to be longer,323
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we control for verbosity by normalizing revision marker frequencies per 100 tokens, and find that324

this metric still shows substantial, quality-linked gains—consistent with emerging findings that sheer325

reasoning length does not predict answer quality [Hassid et al., 2025].326

Limitations and Scope. Several aspects of our experimental design constrain the breadth of our327

conclusions. We examine only one model, DeepSeek-R1-Distill-Qwen3-8B; invocation bottlenecks328

in other architectures, or under alternative training schemes, remain to be established. Our problem329

set, though carefully curated, samples only 200 problems and uses narrative presentations generated330

by a language model, which may introduce stylistic artifacts. The computational resource demands of331

evaluation limited our experiments to single-sample pass@1 metrics with no confidence intervals or332

pass@k. We also focus exclusively on single-position patching; possible effects due to simultaneous333

or sequential multi-position interventions are not addressed. Finally, while we succeed in localizing334

the effect to a specific band of MLP layers, our work stops short of mapping out the responsible335

computational circuits at a finer level.336

Directions for Future Research. Our results suggest several direct paths for further investigation.337

Expanding the analysis to multiple model architectures and sizes would clarify the generality of338

invocation bottlenecks and their relationship to model scale or pretraining regimen. Instead of manual339

activation transfer on a per-problem basis, learning general “bridging" transformations could provide340

practical methods for activating dormant capabilities at inference time. More granular circuit-level341

interpretability could map the actual causal trajectories by which formal presentations elicit task-342

appropriate reasoning. On the training side, the development of explicit regularizers, objectives, or343

process-level interventions aimed at decoupling computational skills from shallow format triggers344

is an open engineering challenge. Finally, training with these RL techniques on non-mathematical,345

non-objective domains, including narrative comprehension and commonsense reasoning, will help346

establish the extent to which invocation failures constrain large language model behavior more347

broadly.348

6 Reproducibility349

To foster robust replication and facilitate future work, we release the following research artifacts on350

Github: https://github.com/holster-fishy-celsius/rl-actpatching-exps351

1. Dataset. All 200 problem pairs, spanning both formal statements and narrative renditions,352

with unique identifiers—comprising 40 hand-audited pairs and 160 narrative translations.353

2. Implementation. Complete codebase built with TransformerLens, including custom ex-354

tensions for R1-0528 compatibility, donor activation collection and normalization, and the355

infrastructure to run comprehensive layer/component sweeps.356

3. Evaluation Suite. Scripts and configuration for standardized generation, answer extraction357

via regex, revision marker tracking, and automated scoring.358

4. Experimental Outputs. Full logging output, reporting per-problem accuracy, generation359

length, revision frequency, and degeneration flags for all experimental conditions.360

5. Visualization Code. Ready-to-run scripts to recreate all presented figures directly from raw361

logs, requiring no manual intervention.362
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NeurIPS Paper Checklist452

1. Claims453

Question: Do the main claims made in the abstract and introduction accurately reflect the454

paper’s contributions and scope?455

Answer: [Yes]456

Justification:457

Guidelines:458

• The answer NA means that the abstract and introduction do not include the claims459

made in the paper.460

• The abstract and/or introduction should clearly state the claims made, including the461

contributions made in the paper and important assumptions and limitations. A No or462

NA answer to this question will not be perceived well by the reviewers.463

• The claims made should match theoretical and experimental results, and reflect how464

much the results can be expected to generalize to other settings.465

• It is fine to include aspirational goals as motivation as long as it is clear that these goals466

are not attained by the paper.467

2. Limitations468

Question: Does the paper discuss the limitations of the work performed by the authors?469

Answer: [Yes]470

Justification: We discuss limitations in a separate subsection.471

Guidelines:472

• The answer NA means that the paper has no limitation while the answer No means that473

the paper has limitations, but those are not discussed in the paper.474

• The authors are encouraged to create a separate "Limitations" section in their paper.475

• The paper should point out any strong assumptions and how robust the results are to476

violations of these assumptions (e.g., independence assumptions, noiseless settings,477

model well-specification, asymptotic approximations only holding locally). The authors478

should reflect on how these assumptions might be violated in practice and what the479

implications would be.480

• The authors should reflect on the scope of the claims made, e.g., if the approach was481

only tested on a few datasets or with a few runs. In general, empirical results often482

depend on implicit assumptions, which should be articulated.483

• The authors should reflect on the factors that influence the performance of the approach.484

For example, a facial recognition algorithm may perform poorly when image resolution485

is low or images are taken in low lighting. Or a speech-to-text system might not be486

used reliably to provide closed captions for online lectures because it fails to handle487

technical jargon.488

• The authors should discuss the computational efficiency of the proposed algorithms489

and how they scale with dataset size.490

• If applicable, the authors should discuss possible limitations of their approach to491

address problems of privacy and fairness.492

• While the authors might fear that complete honesty about limitations might be used by493

reviewers as grounds for rejection, a worse outcome might be that reviewers discover494

limitations that aren’t acknowledged in the paper. The authors should use their best495

judgment and recognize that individual actions in favor of transparency play an impor-496

tant role in developing norms that preserve the integrity of the community. Reviewers497

will be specifically instructed to not penalize honesty concerning limitations.498

3. Theory assumptions and proofs499

Question: For each theoretical result, does the paper provide the full set of assumptions and500

a complete (and correct) proof?501

Answer: [NA]502
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Justification: This is an empirical study so far.503

Guidelines:504

• The answer NA means that the paper does not include theoretical results.505

• All the theorems, formulas, and proofs in the paper should be numbered and cross-506

referenced.507

• All assumptions should be clearly stated or referenced in the statement of any theorems.508

• The proofs can either appear in the main paper or the supplemental material, but if509

they appear in the supplemental material, the authors are encouraged to provide a short510

proof sketch to provide intuition.511

• Inversely, any informal proof provided in the core of the paper should be complemented512

by formal proofs provided in appendix or supplemental material.513

• Theorems and Lemmas that the proof relies upon should be properly referenced.514

4. Experimental result reproducibility515

Question: Does the paper fully disclose all the information needed to reproduce the main ex-516

perimental results of the paper to the extent that it affects the main claims and/or conclusions517

of the paper (regardless of whether the code and data are provided or not)?518

Answer: [Yes]519

Justification: The link to a Github repository containing code and data is provided. Addi-520

tionally, we describe the simple methodology in detail.521

Guidelines:522

• The answer NA means that the paper does not include experiments.523

• If the paper includes experiments, a No answer to this question will not be perceived524

well by the reviewers: Making the paper reproducible is important, regardless of525

whether the code and data are provided or not.526

• If the contribution is a dataset and/or model, the authors should describe the steps taken527

to make their results reproducible or verifiable.528

• Depending on the contribution, reproducibility can be accomplished in various ways.529

For example, if the contribution is a novel architecture, describing the architecture fully530

might suffice, or if the contribution is a specific model and empirical evaluation, it may531

be necessary to either make it possible for others to replicate the model with the same532

dataset, or provide access to the model. In general. releasing code and data is often533

one good way to accomplish this, but reproducibility can also be provided via detailed534

instructions for how to replicate the results, access to a hosted model (e.g., in the case535

of a large language model), releasing of a model checkpoint, or other means that are536

appropriate to the research performed.537

• While NeurIPS does not require releasing code, the conference does require all submis-538

sions to provide some reasonable avenue for reproducibility, which may depend on the539

nature of the contribution. For example540

(a) If the contribution is primarily a new algorithm, the paper should make it clear how541

to reproduce that algorithm.542

(b) If the contribution is primarily a new model architecture, the paper should describe543

the architecture clearly and fully.544

(c) If the contribution is a new model (e.g., a large language model), then there should545

either be a way to access this model for reproducing the results or a way to reproduce546

the model (e.g., with an open-source dataset or instructions for how to construct547

the dataset).548

(d) We recognize that reproducibility may be tricky in some cases, in which case549

authors are welcome to describe the particular way they provide for reproducibility.550

In the case of closed-source models, it may be that access to the model is limited in551

some way (e.g., to registered users), but it should be possible for other researchers552

to have some path to reproducing or verifying the results.553

5. Open access to data and code554

Question: Does the paper provide open access to the data and code, with sufficient instruc-555

tions to faithfully reproduce the main experimental results, as described in supplemental556

material?557
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Answer: [Yes]558

Justification: We provide a link to a Github repo containing code and data.559

Guidelines:560

• The answer NA means that paper does not include experiments requiring code.561

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/562

public/guides/CodeSubmissionPolicy) for more details.563

• While we encourage the release of code and data, we understand that this might not be564

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not565

including code, unless this is central to the contribution (e.g., for a new open-source566

benchmark).567

• The instructions should contain the exact command and environment needed to run to568

reproduce the results. See the NeurIPS code and data submission guidelines (https:569

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.570

• The authors should provide instructions on data access and preparation, including how571

to access the raw data, preprocessed data, intermediate data, and generated data, etc.572

• The authors should provide scripts to reproduce all experimental results for the new573

proposed method and baselines. If only a subset of experiments are reproducible, they574

should state which ones are omitted from the script and why.575

• At submission time, to preserve anonymity, the authors should release anonymized576

versions (if applicable).577

• Providing as much information as possible in supplemental material (appended to the578

paper) is recommended, but including URLs to data and code is permitted.579

6. Experimental setting/details580

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-581

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the582

results?583

Answer: [Yes]584

Justification: We specify all sampling parameters and interventions we make in detail.585

Guidelines:586

• The answer NA means that the paper does not include experiments.587

• The experimental setting should be presented in the core of the paper to a level of detail588

that is necessary to appreciate the results and make sense of them.589

• The full details can be provided either with the code, in appendix, or as supplemental590

material.591

7. Experiment statistical significance592

Question: Does the paper report error bars suitably and correctly defined or other appropriate593

information about the statistical significance of the experiments?594

Answer: [No]595

Justification: Single-sample pass@1 only due to computational and time constraints; we596

report Cohen’s d for matched donors.597

Guidelines:598

• The answer NA means that the paper does not include experiments.599

• The authors should answer "Yes" if the results are accompanied by error bars, confi-600

dence intervals, or statistical significance tests, at least for the experiments that support601

the main claims of the paper.602

• The factors of variability that the error bars are capturing should be clearly stated (for603

example, train/test split, initialization, random drawing of some parameter, or overall604

run with given experimental conditions).605

• The method for calculating the error bars should be explained (closed form formula,606

call to a library function, bootstrap, etc.)607

• The assumptions made should be given (e.g., Normally distributed errors).608
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• It should be clear whether the error bar is the standard deviation or the standard error609

of the mean.610

• It is OK to report 1-sigma error bars, but one should state it. The authors should611

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis612

of Normality of errors is not verified.613

• For asymmetric distributions, the authors should be careful not to show in tables or614

figures symmetric error bars that would yield results that are out of range (e.g. negative615

error rates).616

• If error bars are reported in tables or plots, The authors should explain in the text how617

they were calculated and reference the corresponding figures or tables in the text.618

8. Experiments compute resources619

Question: For each experiment, does the paper provide sufficient information on the com-620

puter resources (type of compute workers, memory, time of execution) needed to reproduce621

the experiments?622

Answer: [Yes]623

Justification: The compute resources (a single A100 GPU obtained via a cloud provider)624

have been specified.625

Guidelines:626

• The answer NA means that the paper does not include experiments.627

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,628

or cloud provider, including relevant memory and storage.629

• The paper should provide the amount of compute required for each of the individual630

experimental runs as well as estimate the total compute.631

• The paper should disclose whether the full research project required more compute632

than the experiments reported in the paper (e.g., preliminary or failed experiments that633

didn’t make it into the paper).634

9. Code of ethics635

Question: Does the research conducted in the paper conform, in every respect, with the636

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?637

Answer: [Yes]638

Justification:639

Guidelines:640

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.641

• If the authors answer No, they should explain the special circumstances that require a642

deviation from the Code of Ethics.643

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-644

eration due to laws or regulations in their jurisdiction).645

10. Broader impacts646

Question: Does the paper discuss both potential positive societal impacts and negative647

societal impacts of the work performed?648

Answer: [NA]649

Justification: NA650

Guidelines:651

• The answer NA means that there is no societal impact of the work performed.652

• If the authors answer NA or No, they should explain why their work has no societal653

impact or why the paper does not address societal impact.654

• Examples of negative societal impacts include potential malicious or unintended uses655

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations656

(e.g., deployment of technologies that could make decisions that unfairly impact specific657

groups), privacy considerations, and security considerations.658
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• The conference expects that many papers will be foundational research and not tied659

to particular applications, let alone deployments. However, if there is a direct path to660

any negative applications, the authors should point it out. For example, it is legitimate661

to point out that an improvement in the quality of generative models could be used to662

generate deepfakes for disinformation. On the other hand, it is not needed to point out663

that a generic algorithm for optimizing neural networks could enable people to train664

models that generate Deepfakes faster.665

• The authors should consider possible harms that could arise when the technology is666

being used as intended and functioning correctly, harms that could arise when the667

technology is being used as intended but gives incorrect results, and harms following668

from (intentional or unintentional) misuse of the technology.669

• If there are negative societal impacts, the authors could also discuss possible mitigation670

strategies (e.g., gated release of models, providing defenses in addition to attacks,671

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from672

feedback over time, improving the efficiency and accessibility of ML).673

11. Safeguards674

Question: Does the paper describe safeguards that have been put in place for responsible675

release of data or models that have a high risk for misuse (e.g., pretrained language models,676

image generators, or scraped datasets)?677

Answer: [NA]678

Justification: NA679

Guidelines:680

• The answer NA means that the paper poses no such risks.681

• Released models that have a high risk for misuse or dual-use should be released with682

necessary safeguards to allow for controlled use of the model, for example by requiring683

that users adhere to usage guidelines or restrictions to access the model or implementing684

safety filters.685

• Datasets that have been scraped from the Internet could pose safety risks. The authors686

should describe how they avoided releasing unsafe images.687

• We recognize that providing effective safeguards is challenging, and many papers do688

not require this, but we encourage authors to take this into account and make a best689

faith effort.690

12. Licenses for existing assets691

Question: Are the creators or original owners of assets (e.g., code, data, models), used in692

the paper, properly credited and are the license and terms of use explicitly mentioned and693

properly respected?694

Answer: [Yes]695

Justification: The creators of the original datasets have been credited with a citation.696

Guidelines:697

• The answer NA means that the paper does not use existing assets.698

• The authors should cite the original paper that produced the code package or dataset.699

• The authors should state which version of the asset is used and, if possible, include a700

URL.701

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.702

• For scraped data from a particular source (e.g., website), the copyright and terms of703

service of that source should be provided.704

• If assets are released, the license, copyright information, and terms of use in the705

package should be provided. For popular datasets, paperswithcode.com/datasets706

has curated licenses for some datasets. Their licensing guide can help determine the707

license of a dataset.708

• For existing datasets that are re-packaged, both the original license and the license of709

the derived asset (if it has changed) should be provided.710
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• If this information is not available online, the authors are encouraged to reach out to711

the asset’s creators.712

13. New assets713

Question: Are new assets introduced in the paper well documented and is the documentation714

provided alongside the assets?715

Answer: [Yes]716

Justification: The dataset and code have been pushed to the Github repository.717

Guidelines:718

• The answer NA means that the paper does not release new assets.719

• Researchers should communicate the details of the dataset/code/model as part of their720

submissions via structured templates. This includes details about training, license,721

limitations, etc.722

• The paper should discuss whether and how consent was obtained from people whose723

asset is used.724

• At submission time, remember to anonymize your assets (if applicable). You can either725

create an anonymized URL or include an anonymized zip file.726

14. Crowdsourcing and research with human subjects727

Question: For crowdsourcing experiments and research with human subjects, does the paper728

include the full text of instructions given to participants and screenshots, if applicable, as729

well as details about compensation (if any)?730

Answer: [NA]731

Justification: NA732

Guidelines:733

• The answer NA means that the paper does not involve crowdsourcing nor research with734

human subjects.735

• Including this information in the supplemental material is fine, but if the main contribu-736

tion of the paper involves human subjects, then as much detail as possible should be737

included in the main paper.738

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,739

or other labor should be paid at least the minimum wage in the country of the data740

collector.741

15. Institutional review board (IRB) approvals or equivalent for research with human742

subjects743

Question: Does the paper describe potential risks incurred by study participants, whether744

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)745

approvals (or an equivalent approval/review based on the requirements of your country or746

institution) were obtained?747

Answer: [NA]748

Justification: NA749

Guidelines:750

• The answer NA means that the paper does not involve crowdsourcing nor research with751

human subjects.752

• Depending on the country in which research is conducted, IRB approval (or equivalent)753

may be required for any human subjects research. If you obtained IRB approval, you754

should clearly state this in the paper.755

• We recognize that the procedures for this may vary significantly between institutions756

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the757

guidelines for their institution.758

• For initial submissions, do not include any information that would break anonymity (if759

applicable), such as the institution conducting the review.760

16. Declaration of LLM usage761
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Question: Does the paper describe the usage of LLMs if it is an important, original, or762

non-standard component of the core methods in this research? Note that if the LLM is used763

only for writing, editing, or formatting purposes and does not impact the core methodology,764

scientific rigorousness, or originality of the research, declaration is not required.765

Answer: [Yes]766

Justification: An LLM (Gemini 2.5 Pro) was used to translate the problems from for-767

mal/mathematical variants to narrative variants.768

Guidelines:769

• The answer NA means that the core method development in this research does not770

involve LLMs as any important, original, or non-standard components.771

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)772

for what should or should not be described.773
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