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Abstract

Language models can, on occasion, correctly answer questions about “injected1

concepts”, i.e., steering vectors added to their activations. This capacity, however,2

proves fragile across models and prompts, and the extent to which it demonstrates a3

form of privileged access to internal states remains in dispute. To better understand4

the phenomenon, we ask language models to reason about a function of an injected5

concept, through three tasks of increasing demand. First, we query about the6

magnitude of the injection. Second, we ask for the region of the layer undergoing7

perturbation—an internal feature of the model itself, the reporting of which, we8

argue, requires a higher degree of privileged access. Third, when the injected9

concept is a country, we probe for semantic reasoning about its continent of10

origin. We test five open-weight models, drawn from three families and two11

sizes. Notably, all models learn, when provided with in-context examples, to12

succeed at magnitude and layer detection, often with perfect accuracy. As far as13

semantic reasoning is concerned, most models attain perfect accuracy even without14

supervision. However, at the lowest injection magnitude, deducing the continent15

proves harder, so much so that models also fail to learn in-context. Together, these16

findings indicate that language models possess a stronger form of privileged access17

than previously demonstrated, including the detection of architectural features of18

the models themselves, and extending to unsupervised reasoning over the injected19

content.120

1 Introduction21

Recent work provides evidence that language models can, on occasion, access information about22

themselves that is neither present in their inputs nor memorized. For example, proprietary and smaller23

open-weight models are sometimes able to detect steering vectors added to their activations [Lindsey,24

2025, Pearson-Vogel et al., 2026], classify the magnitude of an injection [Hahami et al., 2025], and25

discriminate non-semantic perturbations to the residual stream such as dropout and additive Gaussian26

noise [Fornasiere et al., 2026].27

Surprising as these capabilities are, whether they amount to “privileged access” [Alston, 1971] to28

internal states remains under debate [Li et al., 2026, Xiao et al., 2025, Cheang et al., 2025, Ashuach29

et al., 2026]. Nevertheless, this access proves fragile across models and prompts — even frontier30

models fail to detect an injection around 80% of the time, and naming the concept that has been31

injected is harder still [Lederman and Mahowald, 2026, Hahami et al., 2025]. Macar et al. [2026]32

provide evidence that failure to detect an injected concept is partly one of elicitation rather than33

ability: ablating the refusal direction in a post-trained model substantially increases the detection rates,34

1Anonymized code available at this https URL.
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Figure 1: Setup. (Top) For a concept c, its direction in the activations of a model M is extracted by
running 20 prompts mentioning c (positive) and 20 generic prompts without it (negative) through M ,
averaging the activations across tokens and prompts at a given layer, and taking the normalized differ-
ence between the positive and negative means. (Bottom) We administer three different experiments
of increasing demand. First, we analyze if models can detect the magnitude of an injected concept
vector; results show that they all can with enough in-context examples. Second, we probe whether
models can detect the layer where the concept vector has been injected; results show that models can
succeed too, if provided sufficient in-context examples. Finally, we test if models can reason over
the injected concept, a country in this case, by returning its continent of provenance. Results show
that most models can perform such a task even zero-shot, provided the injection has sufficiently high
magnitude.

suggesting that zero-shot evaluations conflate the model’s willingness to report with its underlying35

capacity for detection. A natural question, then, is what it would take to elicit such capacities without36

modifying the model.37

A precedent comes from Fornasiere et al. [2026], who study whether models can distinguish two38

non-semantic perturbations of their own activations: dropout and additive Gaussian noise. Of the39

models tested, only one succeeds zero-shot. Once provided with a handful of in-context examples,40

however, most learn the distinction reliably. We adopt this strategy and apply it to questions about41

injected concepts, through three tasks of increasing demand. We first ask models to classify the42

magnitude of an injection as low, medium, or high. We then ask in which region of the network’s43

layers—early, middle, or late—the injection occurred; the answer to this question, we note, depends44

on the architecture of the model itself, as opposed to the external perturbation alone. Finally, when45

the injected concept is a country, we probe for semantic reasoning about its continent of origin. We46

evaluate five open-weight models, from three families and two sizes: Gemma4-31B, Qwen3-32B,47

Qwen3-8B, Olmo3.1-32B, Olmo3-7B. Figure 1 provides an overview.48

We report the following results:49

(i) All models except Olmo3-7B learn to classify the magnitude of the injected steering vector50

as low, medium, or high, with average p(correct) of at least 0.65. Gemma4-31B and51

Qwen3-32B exceed 0.95 and generalize to unseen magnitudes, §4.1.52

(ii) Gemma4-31B and both Qwen3 models classify whether an injection occurs in an early,53

middle, or late layer at mean p(correct) ⩾ 0.7. The Olmo3 models exceed chance given54

enough in-context examples but do not pass 0.5. Qwen3-32B performs best, approaching55

1.0 and generalizing to unseen layers, with Gemma4-31B peaking at 0.85, §4.2.56

(iii) Gemma4-31B, Qwen3-8B, and Olmo3.1-32B retrieve the continent of provenance of an57

injected country zero-shot at mean p(correct) ⩾ 0.75, §4.3.58

(iv) This last task also exposes a limit of in-context learning for reasoning about an injected59

concept: at the lowest injection magnitude, no model recovers the continent under any of60

the in-context curricula we tested, §D.61
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These results indicate a stronger form of privileged access than has been hitherto demonstrated. Under62

suitable elicitation, models report properties of an injection that are not recoverable only from their63

inputs or outputs—specifically, the detection of the region of the network in which the perturbation64

was applied. This capacity is also broader in scope, as it extends to unsupervised semantic reasoning65

over the injected content. The reporting of meta-properties of activations and reasoning over injections66

have previously been suggested as useful both for white-box interpretability and, conversely, as means67

by which models could conceal their internal states [Lindsey, 2025]; therefore, understanding them is68

a matter of some urgency.69

2 Related work70

Steering vectors Steering vectors are a standard interpretability tool that provide a way to modify a71

language model’s behavior at inference time by adding a “concept vector” to its internal activations,72

causing the model to imbue the concept within its responses (Turner et al. [2024]). This rests upon73

the linear representation hypothesis, which posits that neural networks often represent meaningful74

concepts as linear directions in activation space (Zou et al. [2025]). In our work, steering vectors75

serve a different purpose: rather than steering model behavior, we inject them to establish a ground76

truth of the model’s internal state. By injecting a known concept at a known layer and magnitude, we77

obtain a verifiable signal against which the model’s introspective reports can be evaluated.78

Introspection in LLMs Lindsey [2025] found that Claude Opus 4.1, upon being steered, can79

sometimes answer questions about the perturbation itself (e.g., whether it has been steered), a80

phenomenon they termed “introspective awareness”. Successive works have extended these findings81

to open-source models [Pearson-Vogel et al., 2026], and answering other questions about steering.82

For example, Hahami et al. [2025] show that models can report on the magnitude of a steering83

perturbation, while Fornasiere et al. [2026] show that models can differentiate between injected84

dropout and injected Gaussian noise, two perturbations that carry no semantics. The extent to which85

these (and similar) results demonstrate “privileged (epistemic) access” [Alston, 1971] remains a86

matter of debate Comsa and Shanahan [2025], Xiao et al. [2025], Cheang et al. [2025], Lederman87

and Mahowald [2026], Ashuach et al. [2026], Li et al. [2026].88

In-context learning In-context learning is the ability of language models to learn new tasks from89

examples provided in the prompt alone [Brown et al., 2020]. The capability emerges from next-token90

pretraining [Riechers et al., 2025], and the mechanisms underlying it are already present in two-layer91

transformers [Elhage et al., 2021]. Fornasiere et al. [2026] have shown that models can be brought to92

report properties of their own activations through this technique. Likewise, we adopt this method93

because if a model can learn to report properties such as the magnitude or layer of an injection from a94

handful of examples, the computation needed to do so is supported by its weights as they stand.95

3 Methodology96

All experiments share the structure of a multi-turn conversation with a language model. At each turn:97

(i) a steering vector is added to the residual stream of a model, at every token of the user component98

of the turn, (ii) the user component of the turn comprises a question about the steering itself, (iii) the99

assistant component of the turn is prefilled with an answer, excluding the last turn which is left blank.100

The goal is to determine if language models can answer questions of increasing difficulty about their101

own (perturbed) internal state, when supervised with in-context examples. In what follows, we detail.102

Notation. Every token is processed by M through a sequence of layers. For every such token t and103

layer ℓ, we write hℓ(t) ∈ Rdfor the residual stream at layer ℓ. With every vector v ∈ Rd we associate104

its L2 norm ∥v∥ =
√∑

i v
2
i . While decoding a prompt x (a finite, nonempty string over V ), a model105

M also induces a logit vector l ∈ RV over tokens. In particular, l(v) is the logit associated with a106

token v ∈ V given x, while the corresponding conditional probability is p(v) := softmaxV (l(v)).107

Models. We test five language models2 across three families and two sizes: Gemma4-31B, Qwen3-108

32B Qwen3-8B Olmo3.1-32B and Olmo3-7B.109

2All models are downloaded from https://huggingface.co/.
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Concept vectors. Given a natural language concept c (e.g., “Happiness”), sampled from a pool of 62110

concepts (cf. Appendix E.1), we extract a vector intended to capture M ’s internal representation of c.111

More precisely, with every c we associate two sets, p+c and p−c , of 20 prompts each. Every prompt in112

p+c mentions c (e.g., “Tell me about happiness”, “Elaborate on happiness”), whereas every prompt113

in p−c does not (e.g., “Tell me about a random topic”, “Elaborate on a theme”); see Appendix E.1114

for the exact prompts. We then run M under every prompt in p+c and, for every layer ℓ, we extract115

the mean (across the generated tokens and across p+c ) activation vector, and subtract the analogous116

vector for p−c . The resulting vector is L2-normalized: vℓc ← vℓ
c/∥vℓ

c∥.117

Magnitude calibration. By “injecting a concept” we mean adding a scaled version of vℓc to the118

residual stream of M at layer ℓ. However, the effect of a given scale varies significantly across models,119

layers, and concepts, because so does the norm of corresponding activation vector. In particular,120

different models (resp. layer, concepts) tolerate different magnitudes before their generative ability121

degrades. Accordingly, for every model, concept, and layer we calibrate a comprehension threshold122

αM
c,ℓ: the largest scalar at which M retains at least 95% accuracy on 20 simple math questions (e.g.,123

“What is 2+2?”), when c is added at ℓ (see Appendix C for details). For ease of readability, we absorb124

αM
c,ℓ into the steering vector itself: uℓ

c := αM
c,ℓ · vℓc.125

Prompts, tasks, and in-context examples.126

System: Learn the following pattern

User: This is ← inject c1 at layer l1 with scale α1

Assistant: y1 = f(c1, l1, α1)
...
User: This is ← inject cn at layer ln with scale αn

Assistant: yn = f(cn, ln, αn)

User: This is ← inject cn+1 at layer ln=1 with scale αn+1

Assistant:

Each experiment can be understood as a127

classification task embedded in a k ∈128

Z+-turn conversation where the assis-129

tant turns, excluding the last one, are130

pre-filled. The conversation starts with a131

system prompt describing the task (e.g.,132

“Learn the pattern from examples”). Then,133

each user turn comprises a “trigger” sen-134

tence (e.g., “This is”, or “The injection135

depth is”), and a concept vector is intended to be injected, with varying magnitude, into a spe-136

cific layer of M ’s activations while it processes said turn. More precisely, for every layer ℓ, turn137

i ∈ {1, . . . , n}, and token t of the user part of i, we add a concept vector uℓ
ci with magnitude αi as138

follows:139

hℓ(t) ← hℓ(t) + αi · ∥hℓ(t)∥ · uℓ
ci .

Notice that the scale αi is thus interpretable as a fraction of the comprehension threshold αM
c,ℓ140

absorbed into uℓ
ci (in particular, the injection occurs exactly at this threshold when αi = 1).141

Every assistant turn, excluding the last one, is prefilled with a function f of the injection, which142

depends on the concept ci, the magnitude αi, and the layer ℓi. For instance, f may report whether the143

magnitude of the added vector is low/medium/high, or report the continent of the injected concept (in144

tasks where c is indeed a country). The last assistant turn is left blank, and M is supposed to provide145

the correct answer after having seen n in-context demonstrations. In other words, each experiment146

is a classification task, supervised with k in-context examples. In practice, k ∈ [0, 61] ∩ Z+, and147

the last injected concept (the one serving as an evaluation) is always held out, i.e., it never appears148

among the examples.149

Metrics. Every prompt x is associated with a binary set Ax ⊆ V of correct answers, comprising the150

intended correct answer with or without a leading space (e.g., “low” and “ low”). The probability151

that M answers correctly to x is thus p(correct) :=
∑

v∈Ax
p(v). Unless otherwise stated, every152

experiment consists of n = 30 samples and m = 10 prompt variations. All the plots in this paper153

visualize p(correct) averaged over n ·m = 300 inputs, paired with 95% confidence intervals. For154

completeness, the appendices F and G also report the standard deviations induced by the prompts.155

4 Experiments156

We test the ability of language models to answer questions about their perturbed internal state. First,157

can they estimate the strength of the injection? Second, can they answer questions about the layer158

of the perturbed activation? Finally, can they perform semantic reasoning relative to the injected159

concept? In each case, we report the mean p(correct) as a function of the number of in-context160

examples, or as a function of the injection magnitude, depending on the experiment, and we also161
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Figure 2: We present the models with k in-context examples of injections at magnitudes from
{low, medium, high}, and ask the model to classify a test example. The large models Gemma4-31B
and Qwen3-32B reach close to perfect mean p(correct), while the other models lag behind, with
Olmo3-7B notably underperforming the others. Still, all the models rise above chance with in-context
examples.

display how models generalize to unseen (i.e., not present in any in-context example) magnitudes162

values and unseen layer for the concept injection. The test injected concept never appears among163

the in-context examples. When not otherwise specified, the concepts are injected at layer l = 9. All164

the experiments were run on H100 GPUs (80 GB VRAM), for an approximate total of 10 hours of165

compute time.166

4.1 Estimating the magnitude167

System: Each input triggers a specific response:
low, medium, or high.
Learn the pattern from examples.

User: The injection strength is ← “cat” at high scale
Assistant: high
...
User: The injection strength is ← “dog” at medium scale
Assistant: medium

User: The injection strength is ← “elephant” at medium scale

Assistant:

The first task asks language models168

to classify—as “low”, “medium”, or169

“high”—the magnitude of an added170

steering vector. See, at the left hand-171

side of this paragraph, an example of172

the prompt provided to the model;173

more details can be found in Ap-174

pendix E.1. In practice, we op-175

erationalize “low”, “medium”, and176

“high” as the triple177

⟨αL, αM , αH⟩ = ⟨α∗m · 0.25, α∗m · 1.0, α∗m · 2.5⟩,
where α∗m is the magnitude with highest mean p(correct), at this same task, given 30 in-context178

examples (see Appendix A for details). We note that, on average, the α∗m values are centered around179

1; for example, α∗m = 1.25 for Gemma4-31B.180

It’s worth noting that Hahami et al. [2025] ran similar experiments, but only used one model (LLaMa-181

3.1-8B), did not show robustness over several prompt variations, and demonstrated a mean p(correct)182

of only 83% (with two classes of magnitude, as opposed to the three we use).183

Results. As Figure 2 shows, the mean p(correct) of each model increases as a function of the184

in-context examples we provide, reaching a perfect score with Gemma4-31B and and almost perfect185

score with Qwen3-32B. While initially distant, Qwen3-8B and Olmo3.1-32B both reach a mean186

p(correct) of 0.65, while Olmo3-7B only reaches slightly above 0.4. The results below chance, mostly187

visible in the zero-shot regime (k = 0), happen because the models tend to assign the probability188

mass to filler words, such as “Please”, “The”, “Sure”; we speculate this is due to the model not189

having enough signal to solve the task, while also being steered out of distribution by the steering.190

We highlight that Gemma4-31B, Qwen3-8B and Qwen3-32B require as little as k = 3 examples to191
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Figure 3: We present models with k = 20 in-context examples sampled from a low, medium, or
high injection strength. We then test models with a new α to see if they meaningfully generalize.
Gemma4-31B and Qwen3-32B demonstrate generalization, showing a clean separation of label
assignment to steering magnitude. Other models fail to generalize, and are shown in in Appendix H.

showcase notable improvements, while Olmo3-7B and Olmo3.1-32B require more. More generally,192

this ranking of models—with Gemma4-31B and Qwen3-32B achieving the best results, and the193

Olmo models lagging behind—recurs across several of the following experiments. While we observe194

occasional exceptions, e.g., Qwen3-8B outperforming Qwen3-32B on one task (cf. §4.3), the overall195

pattern suggests that model size matters at these tasks, but model family plays an even bigger role.196

Generalization. In our experiment, the injection magnitude in both the in-context examples and the197

test are sampled among {αL, αM , αH}. To exclude the possibility that the models are solely pattern-198

matching these examples observed in-context, we test how they generalize to unseen magnitudes.199

We do so by providing the models with k = 20 in-context examples with magnitudes sampled from200

{αL, αM , αH}, while the magnitude adopted at test time varies in the range α ∈ [0, 5]. Figure 3201

displays mean p(correct)as a function of α for Gemma4-31B and Qwen3-32B, the best performing202

models in the previous experiment (see Appendix H for the analogous plot for the other models). The203

figure shows a clear trend where Gemma4-31B prefers the “low” labels for α ⩽ 0.5, then switches to204

“medium” for 0.5 ⩽ α ⩽ 1.8, and then prefers “high” for α ⩾ 1.8; Qwen3-32B performs similarly205

with slightly different ranges. In other words, the model generalizes correctly to unseen magnitudes.206

In Appendix H we report the results for all the models; we note that the remaining models do not seem207

to generalize, suggesting, as previously indicated, a scaling law (conditioned on models’ family).208

4.2 Estimating the layer209

System: Each input triggers a specific response:
early, middle, or late.
Learn the pattern from examples.

User: The injection depth is ← “house” at early layer
Assistant: early
...
User: The injection depth is ← “lion” at late layer
Assistant: late

User: The injection depth is ← “sky” at early layer
Assistant:

For every model M , we pick one early210

layer ℓE , one middle layer ℓM , and one211

late layer ℓL at roughly the 15%, 50%, and212

85% depth marks of the model stack (e.g.,213

ℓE = 9, ℓM = 30, ℓL = 51 for Gemma4-214

31B—the full table can be found in Ap-215

pendix B), we inject a concept in exactly216

one of them, with magnitude α∗l defined as217

before (see Appendix A for more details),218

and ask M to individuate it. We test for219

generalization to unseen layers later on. The right hand-side of this paragraph reports an example of220

a prompt; see Appendix E.1 for more details.221

Results. As Figure 4 reports, all models can perform the task above chance, with Qwen3-32B222

reaching up to perfect mean p(correct), consistently with the previous experiment; Gemma4-31B223

and Qwen3-8B place next, reaching above 0.8 and 0.7 mean p(correct) respectively. Once again,224

the Olmo models score the worst, yet still achieve 0.4 mean p(correct)given sufficient in-context225
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Figure 4: We present the models with k in-context examples of injections at layers from
{early, middle, late}, and ask the model to classify a test example. Qwen3-32B reaches almost
perfect mean p(correct). Gemma4-31B and Qwen3-8B also perform significantly above change:
mean p(correct)⩾ 0.65. The remaining models are visibly below that, but still capable of rising
above chance given enough in-context examples.

Figure 5: We present models with k = 20 in-context examples sampled from a early, middle, or
late layer. We then test models with a new layer to see if they meaningfully generalize. Qwen3-
32B demonstrates generalization, showing a clean separation of label assignment to layer number;
Gemma4-31B does show classification capabilities for the “early” and “late” labels, but not for the
“middle” one. The remaining models fail to generalize, and are shown in in Appendix I.

examples. Observe that, however successful, this experiment proves harder than the magnitude226

detection. This is consistent with our hypothesis that inspecting upon one’s own layers (and, more227

generally, upon one’s architecture) requires a higher degree of privileged access than detecting an228

external injection, its semantic meaning, or its magnitude thereof.229

Generalization. Similarly to the magnitude experiments, we test generalization to layers unseen in230

the in-context examples. To this end, we perform additional experiment where we provide k = 20231

in-context examples, with injection occurring at the layers ⟨ℓE , ℓM , ℓL⟩ identified before. However,232

at test-time we inject the concept at a new layer, spanning across all the layers of the selected model.233

(Due to computational constraints, we only compute αM
c,ℓ for the 3 layers ℓE , ℓM , and ℓL, and, at234

test time, we substitute one of αM
c,ℓE

, αM
c,ℓM

, or αM
c,ℓL

for αM
c,ℓ depending on which of these layer235

is closest.) Figure 5 shows that Qwen3-32B is capable to generalize to unseen layers by selecting236

the label that most fits. Interestingly, we note that the model has however a preference towards the237
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Figure 6: Reasoning experiment where the model is asked to predict the continent of the injected
country; the amount of in-context examples is k = 20, and mean p(correct) is reported while varying
the injection magnitude α. We note that all models perform above chance, except Olmo3-7B.

label“late” and “middle” in the very first 7 layers. Gemma4-31B instead has a more noisy pattern,238

where the “early” and “late” labels are well separated and overall correctly predicted, while the239

“middle” label is seldom selected by the model. We also report that the remaining models fail to240

generalize at this task (cf. Appendix I). We remark the similarities in trend between this and the241

previous experiment, with only Qwen3-32B and Gemma4-31B able to generalize—even if the latter242

model is less impressive at the current task. This degradation in results, paired with the slightly worse243

mean p(correct) on average, corroborates our initial hypothesis that a question dependant on one’s244

own architecture is harder to answer than reporting an external property such as the magnitude.245

4.3 Semantic reasoning246

System: Each input triggers a specific response:
Europe, Asia, Africa, or America.
Learn the pattern from examples.

User: The continent is ← “Bhutan” low with scale α
Assistant: Asia
...
User: The injection depth is ← “Zambia” with scale α
Assistant: Africa

User: The injection depth is ← “Estonia” with scale α

Assistant:

Lastly, we test whether reasoning about247

an injected concept extends to reasoning248

about semantics of that concept, by in-249

jecting a vector representing a country250

and asking the model to identify its con-251

tinent, from a list of four candidates.252

Results. We start by testing models253

in a zero-shot setting, reporting mean254

p(correct) as a function of the injection255

magnitude α. All models but Olmo3-7B are capable to perform the task well above chance, with256

Gemma4-31B achieving a perfect mean p(correct), and Qwen3-8B and Olmo3.1-32B achieving more257

than 0.75 mean p(correct)(cf. Figure 6); we stress that this is the only case where a small model258

(Qwen3-8B) performs significantly better than the bigger model (Qwen3-32B) from the same family.259

In-context learning. Does models’ performance improve as the number of in-context examples260

k increases (like in the previous experiments)? To test this, we select a magnitude of α = 0.3, so261

that results are not already saturated at k = 0. Interestingly, results in Figure 7 show that, for all the262

models, more examples do not yield any noticeable improvement in mean p(correct). This indicates263

that, unlike in previous experiments, the injection magnitude is more important than labeled examples.264

We speculate that this is due to the semantic reasoning nature of this task, that makes it harder to265

extract patterns from the injections in the labeled examples. We also tested approaches such as266

teaching models in-context with steering strength schedulers, or allowing them to use filler-CoT Pfau267

et al. [2024]. These results, detailed in Appendix D, are consistent with what we just described: even268

in these controls the models do not perform better when exposed to more in-context examples.269
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Figure 7: Results for the reasoning experiment reporting mean p(correct) while varying the amount
of in-context examples; the injection magnitude is set at α = 0.3. No models present a clear signal of
improving with more in-context examples.

5 Limitations270

Several of our design choices were constrained by compute. For example, in §4.2, we compute αM
c,ℓ271

only at the three reference layers and not for all the layers. Similarly, the reference value αM
c,ℓ itself,272

derived from how model performance on 20 mathematical questions degrades under concept injection,273

would be more robust with a larger and more varied set of questions. We also highlight that our274

findings are tied to the specific concept extraction method; alternative methods and a bigger concept275

pool may yield different and more robust results. Finally we stress that the reasoning task is based on276

a single question (determine the continent for a given country); more robust findings can be obtained277

relying on multiple diverse questions. On the conceptual side, we tested only single-hop reasoning278

tasks. The failure of in-context learning at low injection magnitudes on our semantic inference task279

suggests that multi-hop reasoning would be harder still, perhaps beyond what in-context examples can280

elicit at all. More generally, we provide empirical evidence that models can answer question about281

their (intervened) internals, but we abstain from a theoretical framework adjudicating whether this282

constitutes introspection in any philosophically committed sense, and do not search for a mechanistic283

account of how the models solve the tasks at hand.284

6 Conclusions285

We have shown that, given sufficient in-context examples, language models can answer questions286

whose answers depend on properties of their own architecture, and can reason over injected concepts287

to recover semantic information about them. Qwen3-32B performs near-perfectly across all three288

tasks and generalizes to unseen examples, and Gemma4-31B follows. The remaining models learn289

the tasks at varying levels of accuracy but fail to generalize.290

Future work. The two capabilities demonstrated in this work—reporting properties of the model291

itself and reasoning over injected content—have substantive implications for AI safety, in at least two292

directions: they could allow models to give faithful accounts of their own computation, supporting293

interpretability and auditing [Shenoy et al., 2026], or they could be turned against that purpose,294

allowing models to obscure their outputs or internal states [Lindsey, 2025]. Can models localize the295

layer or region of layers at which a given belief or bias was formed? A positive answer would extend296

the present results to internally formed structure, with direct valence for transparency [Kim et al.,297

2025]. Can models be trained, via weight updates, to reason about concepts injected at magnitudes298

too low for in-context learning to handle, or perform multi-step reasoning over internal content more299

broadly? Determining the reach of such reasoning would help determine, for better or worse, the300

extent to which models support these two directions.301
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A Magnitude sweeps359

We run the experiment defined in §4.1 with k = 30 in-context examples measuring mean p(correct)360

with different injection magnitude αm; we report the results in Figure 8. We define a α∗m value as the361

magnitude value that maximizes mean p(correct) for a model, and we use that value to perform the362

magnitude detection experiments in §4.1363

Similarly, Figure 9 reports the results for the layer detection task defined in §4.2, with k = 30364

in-context examples and different αl. We define a α∗l value as the magnitude value that maximizes365

mean p(correct) for a model, and we use that value to perform the layer detection experiments in §4.2366

Figure 8: With k = 30 in-context examples, we see how models performance changes with different
injection multiplier αm. Results show that the best-performing injection multiplier is around 1.0 for
all models (e.g., 1.25 for Gemma4-31B)

Table 1 reports a summary of the values for each model.367

Table 1: Values of α∗ for both magnitude- and layer-detection.
Model Magnitude (α∗m) Layer (α∗l )

Qwen3-8B 1.00 1.50
Qwen3-32B 1.00 1.75
Olmo3-7B 1.75 1.00
Olmo3.1-32B 0.75 1.00
Gemma4-31B 1.25 1.25

11

https://arxiv.org/abs/2308.10248
https://arxiv.org/abs/2509.24988
https://arxiv.org/abs/2310.01405


Figure 9: With k = 30 in-context examples, we see how models performance changes with different
injection strength αl. Results show that the best-performing injection multiplier is around 1.0 for all
models (e.g.1.25 for Gemma4-31B)

B Layers368

The table below lists the three layers (ℓE , ℓM , ℓL) that define the early, middle, and late ranges at369

the layer detection task, for each model. These layers are chosen at roughly the 15%, 50%, and 85%370

depth marks of the model architecture.371

Model Early (ℓE) Middle (ℓM ) Late (ℓL) Total layers

Qwen3-8B 5 18 31 36
Qwen3-32B 10 32 54 64
Olmo3-7B 5 16 27 32
Olmo3.1-32B 9 32 54 64
Gemma4-31B 9 30 51 60

C Magnitude calibration372

For every concept c and layer ℓ, we calibrate the coefficient αM
c,ℓ introduced in Section 3 as follows.373

We administer to M a fixed set of 20 single-token arithmetic questions (e.g., “What is 9 + 10?”,374

with answer 19), and consider M correct on a question when its argmax token over V matches the375

target answer (with or without a leading space). For a candidate magnitude α, we inject α · vℓc at376

every user-token position of layer ℓ and record top-1 accuracy across the 20 questions. We then377

binary-search α over [0.1, 5.0] at precision 0.1 and define αM
c,ℓ as the largest α on this grid that retains378

⩾ 95% accuracy. If even α = 0.1 falls below the threshold, we floor αM
c,ℓ to 0.1; if α = 5.0 still379

passes, we cap αM
c,ℓ at 5.0.380

D Additional reasoning experiments381

Figure 10 shows four different attempts to increase the results for the task described in § 4.3 by using382

in-context examples. Each panel plots mean p(correct) as a function of k in-context examples. For383

all the strategies, no model is capable to improve the performances with more in-context examples,384

E Prompts385

This appendix lists the exact prompts and list of concepts used in the various experiments.386
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(a) In-context learning with both αdemo and αtest set at
α = 0.3).

(b) ICL curriculum (αdemo = 1, αtest = 0.3).

(c) ICL scheduler (linear αdemo decay from 1 to 0.3,
αtest = 0.3).

(d) Dot-by-dot CoT [Pfau et al., 2024] at K = 0,
αtest = 0.3, sweeping ndots.

Figure 10: Experiments for the reasoning task at different different injection strength; in particular,
we use αdemo to to dene the α used for in-context examples, and αtest to to dene the α used for the
query. αtest is always set at 0.3. Three of in-context learning curricula: (a) a constant α = αdemo =
αtest = 0.3 (which is also the one reported in §4.3), (b) a curriculum with αdemo = 1, and (c) a
scheduler which linearly decays αdemo from 1.0 to 0.3 over the various in-context examples. Our
fourth approach (d) uses instead Dot-by-dot CoT (Pfau et al. [2024]) zero-shot. All experiments
fail to bring mean p(correct) beyond 0.5, and no one shows an increasing of performances while
increasing the in-context examples.

E.1 Steering vector extraction387

For each concept c, we instantiate the 20 positive templates below with c and pair them (by position)388

with the 20 concept-agnostic negative templates. Below we details the concept pool, the templates389

for the positive vectors, and the templates for the negative ones.390

Concept pool.391

love, anger, fear, joy, sadness, disgust, science, politics,392

religion, sports, music, cooking, honesty, creativity,393

intelligence, kindness, freedom, justice, power, beauty, truth,394

ocean, mountain, city, forest, fire, space, car, airplane,395

boat, bicycle, truck, ship, motorcycle, helicopter, dog, cat,396

fish, spider, horse, bird, snake, rabbit, pain, skill, queen,397

rage, law, charm, stone, light, peace, film, lake, bread,398

pizza, rice, soup, cake, pie, coffee, tea399

Positive templates.400

1. Tell me about {concept}.401

2. Describe {concept} in detail.402

3. What comes to mind when you think of {concept}?403

4. Write a paragraph about {concept}.404

5. Explain the meaning of {concept}.405

6. Share your thoughts on {concept}.406

7. What is {concept}?407

8. How would you describe {concept} to someone?408

9. Discuss {concept} and its significance.409

10. Give me an overview of {concept}.410
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11. Tell me everything you know about {concept}.411

12. What are the key aspects of {concept}?412

13. Reflect on {concept}.413

14. What does {concept} mean to you?414

15. Describe your understanding of {concept}.415

16. Write about {concept} from your perspective.416

17. Elaborate on {concept}.417

18. What is the essence of {concept}?418

19. Talk about {concept} in depth.419

20. Summarize {concept} for me.420

1. Tell me about a random topic.421

2. Describe something interesting.422

3. What comes to mind right now?423

4. Write a paragraph about anything.424

5. Explain something to me.425

6. Share a thought.426

7. What is something you know well?427

8. How would you describe an everyday object?428

9. Discuss a topic of your choosing.429

10. Give me an overview of a subject.430

11. Tell me about something.431

12. What are some interesting facts?432

13. Reflect on an idea.433

14. What matters to you?434

15. Describe your understanding of the world.435

16. Write about your perspective.436

17. Elaborate on a theme.437

18. What is the essence of things?438

19. Talk about something in depth.439

20. Summarize an idea for me.440

E.2 Prompts and steering vectors for the the reasoning task task441

This appendix lists the prompts and other relevant information for the reasoning task.442

Country pool.443

Europe: Albania, Belarus, Croatia, Estonia, Greece, Iceland,444

Latvia, Lithuania, Luxembourg, Malta, Moldova, Romania445

Asia: Bhutan, Cambodia, Kazakhstan, Kyrgyzstan, Laos, Mongolia,446

Myanmar, Nepal, Oman, Tajikistan, Uzbekistan, Yemen447

Africa: Angola, Botswana, Chad, Madagascar, Mali, Mozambique,448

Namibia, Rwanda, Senegal, Tanzania, Uganda, Zambia449

America: Belize, Bolivia, Ecuador, Guyana, Haiti, Honduras,450

Jamaica, Nicaragua, Panama, Paraguay, Suriname, Uruguay451

System prompts. The Dot-by-dot CoT experiments in Appendix D use the following system452

prompt:453

You are participating in a word association experiment. Each input454

triggers a specific response: Europe, Asia, Africa, or America. You455

may write a sequence of dot characters as silent thinking time456

before your final answer. After the dots, output exactly one of:457

Europe, Asia, Africa, America.458

F Prompt sensitivity for magnitude and layer detection task459

When reporting the results for magnitude and layer detection task we computed the 95% confidence460

interval over all the n = 300 data points in each experiment. Here instead we compute mean461
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p(correct) for the n = 30 sample associated to each prompt in the experiment, obtaining 10 values,462

and then we show the ±1σ interval over these 10 points, to make prompt sensitivity directly visible.463

Results are presented in Figures 11 and 12.464

Figure 11: Magnitude detection: mean P (correct) vs. number of ICL examples, with the band
showing ±1σ across the 10 prompt-level means at each k.

Figure 12: Layer detection: mean P (correct) vs. number of ICL examples, with the band showing
±1σ across the 10 prompt-level means at each k.

G Prompt sensitivity for reasoning task465

Figure 13 shows the various results, divided by prompt, for the reasoning task in §4.3. We note that466

the models are significantly more prompt sensitive than in the magnitude and layer experiments;467

indeed, paraphrases that are essentially synonymous to a human reader can shift mean p(correct) by468

tens of percentage points.469

H Magnitude generalization (all models)470

We report the magnitude detection generalization test for all the models in Figures 14, 15, 16, 17 and471

18.472
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(a) Gemma4-31B (b) Qwen3-32B

(c) Qwen3-8B (d) Olmo3.1-32B

(e) Olmo3-7B

Figure 13: Results for the reasoning task: we report mean p(correct) vs. test injection magnitude α at
k = 0 across 10 prompt variations, per model.

Figure 14: Generalization test for Gemma4-31B for on the magnitude detection task; we report mean
p(correct)for different test magnitudes α.
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Figure 15: Generalization test for Qwen3-32B for on the magnitude detection task; we report mean
p(correct) for different test magnitudes α.

Figure 16: Generalization test for Qwen3-8B for on the magnitude detection task; we report mean
p(correct) for different test magnitudes α.

Figure 17: Generalization test for Olmo3.1-32B for on the magnitude detection task; we report mean
p(correct) for different test magnitudes α.
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Figure 18: Generalization test for Olmo3-7B for on the magnitude detection task; we report mean
p(correct) for different test magnitudes α.

I Layer generalization (all models)473

We report the layer detection generalization test for all the models in Figures 19, 20, 21, 22 and 23.474

Figure 19: Generalization test for Gemma4-31B for on the layer detection task; we report mean
p(correct) for different test layers.
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Figure 20: Generalization test for Qwen3-32B for on the layer detection task; we report mean
p(correct) for different test layers.

Figure 21: Generalization test for Qwen3-8B for on the layer detection task; we report mean p(correct)
for different test layers.

Figure 22: Generalization test for Olmo3.1-32B for on the layer detection task; we report mean
p(correct) for different test layers.
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Figure 23: Generalization test for Olmo3-7B for on the layer detection task; we report mean p(correct)
for different test layers.

20



NeurIPS Paper Checklist475

1. Claims476

Question: Do the main claims made in the abstract and introduction accurately reflect the477

paper’s contributions and scope?478

Answer: [Yes]479

Justification: All the claims in the abstract and introduction are introduced in the order they480

are later reported in the experiments section (§4).481

Guidelines:482

• The answer [N/A] means that the abstract and introduction do not include the claims483

made in the paper.484

• The abstract and/or introduction should clearly state the claims made, including the485

contributions made in the paper and important assumptions and limitations. A [No] or486

[N/A] answer to this question will not be perceived well by the reviewers.487

• The claims made should match theoretical and experimental results, and reflect how488

much the results can be expected to generalize to other settings.489

• It is fine to include aspirational goals as motivation as long as it is clear that these goals490

are not attained by the paper.491

2. Limitations492

Question: Does the paper discuss the limitations of the work performed by the authors?493

Answer: [Yes]494

Justification: Please see “Limitations” section, §5.495

Guidelines:496

• The answer [N/A] means that the paper has no limitation while the answer [No] means497

that the paper has limitations, but those are not discussed in the paper.498

• The authors are encouraged to create a separate “Limitations” section in their paper.499

• The paper should point out any strong assumptions and how robust the results are to500

violations of these assumptions (e.g., independence assumptions, noiseless settings,501

model well-specification, asymptotic approximations only holding locally). The authors502

should reflect on how these assumptions might be violated in practice and what the503

implications would be.504

• The authors should reflect on the scope of the claims made, e.g., if the approach was505

only tested on a few datasets or with a few runs. In general, empirical results often506

depend on implicit assumptions, which should be articulated.507

• The authors should reflect on the factors that influence the performance of the approach.508

For example, a facial recognition algorithm may perform poorly when image resolution509

is low or images are taken in low lighting. Or a speech-to-text system might not be510

used reliably to provide closed captions for online lectures because it fails to handle511

technical jargon.512

• The authors should discuss the computational efficiency of the proposed algorithms513

and how they scale with dataset size.514

• If applicable, the authors should discuss possible limitations of their approach to515

address problems of privacy and fairness.516

• While the authors might fear that complete honesty about limitations might be used by517

reviewers as grounds for rejection, a worse outcome might be that reviewers discover518

limitations that aren’t acknowledged in the paper. The authors should use their best519

judgment and recognize that individual actions in favor of transparency play an impor-520

tant role in developing norms that preserve the integrity of the community. Reviewers521

will be specifically instructed to not penalize honesty concerning limitations.522

3. Theory assumptions and proofs523

Question: For each theoretical result, does the paper provide the full set of assumptions and524

a complete (and correct) proof?525

Answer: [N/A]526
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Justification: Our work does not contain mathematical results (e.g., theorems or algorithms).527

As such, the questions is not applicable.528

Guidelines:529

• The answer [N/A] means that the paper does not include theoretical results.530

• All the theorems, formulas, and proofs in the paper should be numbered and cross-531

referenced.532

• All assumptions should be clearly stated or referenced in the statement of any theorems.533

• The proofs can either appear in the main paper or the supplemental material, but if534

they appear in the supplemental material, the authors are encouraged to provide a short535

proof sketch to provide intuition.536

• Inversely, any informal proof provided in the core of the paper should be complemented537

by formal proofs provided in appendix or supplemental material.538

• Theorems and Lemmas that the proof relies upon should be properly referenced.539

4. Experimental result reproducibility540

Question: Does the paper fully disclose all the information needed to reproduce the main ex-541

perimental results of the paper to the extent that it affects the main claims and/or conclusions542

of the paper (regardless of whether the code and data are provided or not)?543

Answer: [Yes]544

Justification: We report the exact model names, where do download them, the exact prompts,545

and how to extract the concept vectors, with the exact numbers we use. For every tasks,546

we mention explicitly the necessary parameters to reproduce them (e.g., the injection layer,547

the injection magnitude, etc). When not already explicit in the main text, we give proper548

referecne to the Appendix.549

Guidelines:550

• The answer [N/A] means that the paper does not include experiments.551

• If the paper includes experiments, a [No] answer to this question will not be perceived552

well by the reviewers: Making the paper reproducible is important, regardless of553

whether the code and data are provided or not.554

• If the contribution is a dataset and/or model, the authors should describe the steps taken555

to make their results reproducible or verifiable.556

• Depending on the contribution, reproducibility can be accomplished in various ways.557

For example, if the contribution is a novel architecture, describing the architecture fully558

might suffice, or if the contribution is a specific model and empirical evaluation, it may559

be necessary to either make it possible for others to replicate the model with the same560

dataset, or provide access to the model. In general. releasing code and data is often561

one good way to accomplish this, but reproducibility can also be provided via detailed562

instructions for how to replicate the results, access to a hosted model (e.g., in the case563

of a large language model), releasing of a model checkpoint, or other means that are564

appropriate to the research performed.565

• While NeurIPS does not require releasing code, the conference does require all submis-566

sions to provide some reasonable avenue for reproducibility, which may depend on the567

nature of the contribution. For example568

(a) If the contribution is primarily a new algorithm, the paper should make it clear how569

to reproduce that algorithm.570

(b) If the contribution is primarily a new model architecture, the paper should describe571

the architecture clearly and fully.572

(c) If the contribution is a new model (e.g., a large language model), then there should573

either be a way to access this model for reproducing the results or a way to reproduce574

the model (e.g., with an open-source dataset or instructions for how to construct575

the dataset).576

(d) We recognize that reproducibility may be tricky in some cases, in which case577

authors are welcome to describe the particular way they provide for reproducibility.578

In the case of closed-source models, it may be that access to the model is limited in579

some way (e.g., to registered users), but it should be possible for other researchers580

to have some path to reproducing or verifying the results.581
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5. Open access to data and code582

Question: Does the paper provide open access to the data and code, with sufficient instruc-583

tions to faithfully reproduce the main experimental results, as described in supplemental584

material?585

Answer: [Yes]586

Justification: We provide all code at this link.587

Guidelines:588

• The answer [N/A] means that paper does not include experiments requiring code.589

• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/590

public/guides/CodeSubmissionPolicy) for more details.591

• While we encourage the release of code and data, we understand that this might not592

be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not593

including code, unless this is central to the contribution (e.g., for a new open-source594

benchmark).595

• The instructions should contain the exact command and environment needed to run to596

reproduce the results. See the NeurIPS code and data submission guidelines (https:597

//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.598

• The authors should provide instructions on data access and preparation, including how599

to access the raw data, preprocessed data, intermediate data, and generated data, etc.600

• The authors should provide scripts to reproduce all experimental results for the new601

proposed method and baselines. If only a subset of experiments are reproducible, they602

should state which ones are omitted from the script and why.603

• At submission time, to preserve anonymity, the authors should release anonymized604

versions (if applicable).605

• Providing as much information as possible in supplemental material (appended to the606

paper) is recommended, but including URLs to data and code is permitted.607

6. Experimental setting/details608

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-609

rameters, how they were chosen, type of optimizer) necessary to understand the results?610

Answer: [Yes]611

Justification: We only run experiments in inference mode and without generation. That is,612

as reportede explicitly in §3, our metrics are relative only to the logit distribution induced by613

the last token of our prompts. The necessary information to run the inference are provided614

both in the main text and in the Appendix.615

Guidelines:616

• The answer [N/A] means that the paper does not include experiments.617

• The experimental setting should be presented in the core of the paper to a level of detail618

that is necessary to appreciate the results and make sense of them.619

• The full details can be provided either with the code, in appendix, or as supplemental620

material.621

7. Experiment statistical significance622

Question: Does the paper report error bars suitably and correctly defined or other appropriate623

information about the statistical significance of the experiments?624

Answer: [Yes]625

Justification: As explicitly states in §3, we primarily report 95% confidence intervals. For the626

sake of completeness, we also provide a standard-deviation analysis, relative the variations627

induced by prompt-sensitivity. See Appendix F and G.628

Guidelines:629

• The answer [N/A] means that the paper does not include experiments.630

• The authors should answer [Yes] if the results are accompanied by error bars, confidence631

intervals, or statistical significance tests, at least for the experiments that support the632

main claims of the paper.633
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• The factors of variability that the error bars are capturing should be clearly stated (for634

example, train/test split, initialization, random drawing of some parameter, or overall635

run with given experimental conditions).636

• The method for calculating the error bars should be explained (closed form formula,637

call to a library function, bootstrap, etc.)638

• The assumptions made should be given (e.g., Normally distributed errors).639

• It should be clear whether the error bar is the standard deviation or the standard error640

of the mean.641

• It is OK to report 1-sigma error bars, but one should state it. The authors should642

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis643

of Normality of errors is not verified.644

• For asymmetric distributions, the authors should be careful not to show in tables or645

figures symmetric error bars that would yield results that are out of range (e.g., negative646

error rates).647

• If error bars are reported in tables or plots, the authors should explain in the text how648

they were calculated and reference the corresponding figures or tables in the text.649

8. Experiments compute resources650

Question: For each experiment, does the paper provide sufficient information on the com-651

puter resources (type of compute workers, memory, time of execution) needed to reproduce652

the experiments?653

Answer: [Yes]654

Justification: All information about the computational resources used are reported at the655

beginning of the “Experiments” section, §4.656

Guidelines:657

• The answer [N/A] means that the paper does not include experiments.658

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,659

or cloud provider, including relevant memory and storage.660

• The paper should provide the amount of compute required for each of the individual661

experimental runs as well as estimate the total compute.662

• The paper should disclose whether the full research project required more compute663

than the experiments reported in the paper (e.g., preliminary or failed experiments that664

didn’t make it into the paper).665

9. Code of ethics666

Question: Does the research conducted in the paper conform, in every respect, with the667

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?668

Answer: [Yes]669

Justification: There is no particular aspect of this question we feel we should highlight here.670

Guidelines:671

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of672

Ethics.673

• If the authors answer [No], they should explain the special circumstances that require a674

deviation from the Code of Ethics.675

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-676

eration due to laws or regulations in their jurisdiction).677

10. Broader impacts678

Question: Does the paper discuss both potential positive societal impacts and negative679

societal impacts of the work performed?680

Answer: [Yes]681

Justification: Both the introduction (§1) and the conclusions (§6) describe the positive682

and negative impacts we anticipate from increased “introspective” capabilities of language683

models, with appropriate citations.684
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Guidelines:685

• The answer [N/A] means that there is no societal impact of the work performed.686

• If the authors answer [N/A] or [No], they should explain why their work has no societal687

impact or why the paper does not address societal impact.688

• Examples of negative societal impacts include potential malicious or unintended uses689

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations690

(e.g., deployment of technologies that could make decisions that unfairly impact specific691

groups), privacy considerations, and security considerations.692

• The conference expects that many papers will be foundational research and not tied693

to particular applications, let alone deployments. However, if there is a direct path to694

any negative applications, the authors should point it out. For example, it is legitimate695

to point out that an improvement in the quality of generative models could be used to696

generate Deepfakes for disinformation. On the other hand, it is not needed to point out697

that a generic algorithm for optimizing neural networks could enable people to train698

models that generate Deepfakes faster.699

• The authors should consider possible harms that could arise when the technology is700

being used as intended and functioning correctly, harms that could arise when the701

technology is being used as intended but gives incorrect results, and harms following702

from (intentional or unintentional) misuse of the technology.703

• If there are negative societal impacts, the authors could also discuss possible mitigation704

strategies (e.g., gated release of models, providing defenses in addition to attacks,705

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from706

feedback over time, improving the efficiency and accessibility of ML).707

11. Safeguards708

Question: Does the paper describe safeguards that have been put in place for responsible709

release of data or models that have a high risk for misuse (e.g., pre-trained language models,710

image generators, or scraped datasets)?711

Answer: [N/A]712

Justification: We do not release any such data. As such, this question is not applicable.713

Guidelines:714

• The answer [N/A] means that the paper poses no such risks.715

• Released models that have a high risk for misuse or dual-use should be released with716

necessary safeguards to allow for controlled use of the model, for example by requiring717

that users adhere to usage guidelines or restrictions to access the model or implementing718

safety filters.719

• Datasets that have been scraped from the Internet could pose safety risks. The authors720

should describe how they avoided releasing unsafe images.721

• We recognize that providing effective safeguards is challenging, and many papers do722

not require this, but we encourage authors to take this into account and make a best723

faith effort.724

12. Licenses for existing assets725

Question: Are the creators or original owners of assets (e.g., code, data, models), used in726

the paper, properly credited and are the license and terms of use explicitly mentioned and727

properly respected?728

Answer: [Yes]729

Justification: We do not rely on datasets. We rely on open-weight models legally downloaded730

from Huggingface, as explicitly credited in §3.731

Guidelines:732

• The answer [N/A] means that the paper does not use existing assets.733

• The authors should cite the original paper that produced the code package or dataset.734

• The authors should state which version of the asset is used and, if possible, include a735

URL.736

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.737
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• For scraped data from a particular source (e.g., website), the copyright and terms of738

service of that source should be provided.739

• If assets are released, the license, copyright information, and terms of use in the740

package should be provided. For popular datasets, paperswithcode.com/datasets741

has curated licenses for some datasets. Their licensing guide can help determine the742

license of a dataset.743

• For existing datasets that are re-packaged, both the original license and the license of744

the derived asset (if it has changed) should be provided.745

• If this information is not available online, the authors are encouraged to reach out to746

the asset’s creators.747

13. New assets748

Question: Are new assets introduced in the paper well documented and is the documentation749

provided alongside the assets?750

Answer: [N/A]751

Justification: We do not create any new asset; as such, this question is not applicable.752

Guidelines:753

• The answer [N/A] means that the paper does not release new assets.754

• Researchers should communicate the details of the dataset/code/model as part of their755

submissions via structured templates. This includes details about training, license,756

limitations, etc.757

• The paper should discuss whether and how consent was obtained from people whose758

asset is used.759

• At submission time, remember to anonymize your assets (if applicable). You can either760

create an anonymized URL or include an anonymized zip file.761

14. Crowdsourcing and research with human subjects762

Question: For crowdsourcing experiments and research with human subjects, does the paper763

include the full text of instructions given to participants and screenshots, if applicable, as764

well as details about compensation (if any)?765

Answer: [N/A]766

Justification: No crowdsourcing was used in the paper. As such, this question is not767

applicable.768

Guidelines:769

• The answer [N/A] means that the paper does not involve crowdsourcing nor research770

with human subjects.771

• Including this information in the supplemental material is fine, but if the main contribu-772

tion of the paper involves human subjects, then as much detail as possible should be773

included in the main paper.774

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,775

or other labor should be paid at least the minimum wage in the country of the data776

collector.777

15. Institutional review board (IRB) approvals or equivalent for research with human778

subjects779

Question: Does the paper describe potential risks incurred by study participants, whether780

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)781

approvals (or an equivalent approval/review based on the requirements of your country or782

institution) were obtained?783

Answer: [N/A]784

Justification: This question is not applicable.785

Guidelines:786

• The answer [N/A] means that the paper does not involve crowdsourcing nor research787

with human subjects.788
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• Depending on the country in which research is conducted, IRB approval (or equivalent)789

may be required for any human subjects research. If you obtained IRB approval, you790

should clearly state this in the paper.791

• We recognize that the procedures for this may vary significantly between institutions792

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the793

guidelines for their institution.794

• For initial submissions, do not include any information that would break anonymity (if795

applicable), such as the institution conducting the review.796

16. Declaration of LLM usage797

Question: Does the paper describe the usage of LLMs if it is an important, original, or798

non-standard component of the core methods in this research? Note that if the LLM is used799

only for writing, editing, or formatting purposes and does not impact the core methodology,800

scientific rigor, or originality of the research, declaration is not required.801

Answer: [N/A]802

Justification: language models have been used solely to grammar check and minimally803

streamline the writing (e.g., checking sentences), and as assistants in code writing.804

Guidelines:805

• The answer [N/A] means that the core method development in this research does not806

involve LLMs as any important, original, or non-standard components.807

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not808

be described.809
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