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ABSTRACT

We investigate the internal computational mechanisms that activate when large
language models process foundational logical atomics, specifically focusing on
logical negation. Utilizing sparse autoencoders (SAEs), we decompose high di-
mensional residual stream activations into interpretable, localized features. We
present a two stage investigation to isolate true logical abstraction from statis-
tical pattern matching. In our exploratory phase, we demonstrate that smaller
autoregressive models (e.g., GPT-2 Small) fail to encode formal logical abstrac-
tions, achieving near random accuracy on synthetic logical extraction tasks and
relying instead on shallow bag-of-words heuristics. Consequently, our primary
phase shifts to Gemma-2-27B utilizing a highly controlled “nonce” (pseudoword)
dataset to strictly isolate boolean reasoning from real world semantic priors. We
identify a sparse set of features at Layer 10 that serve as the causal locus of
negation. We causally invert the model’s logical state and demonstrate that these
features act as generalized semantic operators, robustly activating across diverse
negators (“no”, “never”, “fail”, “un-”), rather than mere lexical detectors. Finally,
circuit tracing reveals a feed-forward pathway in which ablating early layer fea-
tures collapses downstream representations by ∼40%.

1 INTRODUCTION

For centuries, formalized models of language ranging from Chomsky Hierarchies to Montague
Grammars have treated human language as a discrete series of composable functions. These schools
of thought guided decades of neuro-symbolic and rules-based approaches to natural language pro-
cessing (NLP), wherein functional primitives (such as conjunction, disjunction, and negation) served
as the primary drivers of language understanding. The modern study of NLP, however, has sharply
shifted away from the explicit utilization of symbolic logic. State-of-the-art large language mod-
els (LLMs) treat language as a sequence of high-dimensional probability distributions optimized
primarily for next-token prediction.

Despite this stochastic, distributional training objective, modern LLMs exhibit increasingly sophis-
ticated reasoning and task execution capabilities. This divergence between modern autoregressive
paradigms and classical natural language theory yields a fundamental scientific tension: to what
extent do the internal representations of modern language systems correspond to the discrete logical
primitives defined by human linguistic theories? (Komarova, 2006)

Prior work in mechanistic interpretability has focused primarily on dissecting circuits for isolated
linguistic behaviors or generating broad, heterogeneous feature catalogs using dictionary learn-
ing. This leaves a critical gap: determining whether foundational logical operators exist as stable,
reusable components within the residual stream, or if models rely entirely on entangled, task-specific
heuristics.

In this work, we probe whether a fundamental first-order logical atomic negation (¬) is reflected
within the core computational circuits of transformer-based models. To do so, we introduce a two-
stage investigative framework. We first conduct an exploratory analysis on smaller models to define
the limits of statistical pattern matching. Finding that smaller models fail to encode abstract logic,
we transition to a frontier model (Gemma-2-27B) utilizing a synthetic ”nonce” dataset to decouple
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Context: The wug is feepy.

Query: Is the wug not feepy?

Output: No ✓ Correct

The model answers correctly, but how?

Logical Operator?
¬(feepy) → False

Compositional function

Statistical Heuristic?
“not” → “No”
Surface pattern

Figure 1: Given a negated query, LLMs produce correct answers, but do they compute negation as a
logical operator or exploit surface patterns? We open the black box using sparse autoencoders and
causal ablations.

logical processing from factual retrieval. Our investigation isolates the causal locus of negation,
and also addresses critical methodological flaws inherent in standard Sparse Autoencoders (SAE)
interventions.

Our main contributions are as follows:

• We demonstrate that smaller models lack abstract logical operators, relying instead on lex-
ical frequency, necessitating the use of frontier models to study pure negation reasoning.

• We introduce a synthetic nonce-word dataset specifically designed to isolate logical nega-
tion from lexical associations and world knowledge, enabling controlled study of negation
processing in language models.

• We discover that specific sparse features in Gemma-2-27B act as generalized semantic
operators for negation, rather than simple lexical detectors.

• We perform circuit tracing to map a feed-forward causal pathway, showing that early layer
negation triggers a distributed downstream representational collapse.

• We provide empirical evidence that LLM logical negation is geometrically entangled with
negative semantic valence (sentiment), exposing the non-canonical nature of these repre-
sentations.

2 BACKGROUND AND RELATED WORK

2.1 CLASSICAL NLP AND FORMAL SEMANTICS

The formal study of natural language processing emerged from two complementary theoretical foun-
dations: Chomsky’s syntactic hierarchy and Montague’s compositional semantics. Chomsky (1956)
established a hierarchy of formal grammars that classify languages by their generative complexity.
This hierarchy provided the theoretical scaffolding for early NLP systems. Context-free grammars
(CFGs) became the dominant formalism for syntactic parsing, enabling the decomposition of sen-
tences into hierarchical tree structures (e.g., S → NP + VP).

While Chomsky addressed syntactic structure, Montague (1973) addressed meaning and demon-
strated that natural language semantics could be formalized with the same mathematical precision
as formal logic. His central insight was that words function as typed lambda expressions that com-
pose systematically: nouns denote predicates (λx. CAT(x)), adjectives denote predicate modifiers
(λP.λx. RED(x) ∧ P (x)), and quantifiers denote higher-order functions over predicates. The mean-
ing of a phrase emerges mechanically from the meanings of its parts. Within this framework, logical
connectives (¬, ∧, ∨, →, ↔) serve as the foundational atoms of semantic composition. Negation
(¬) inverts truth values; conjunction (∧) and disjunction (∨) combine propositions; implication (→)
encodes conditional relationships essential for inference chains. Crucially, every complex inference
reduces to sequences of connective operations. Montague’s treatment mapped natural language ex-
pressions directly onto these logical forms “every” becomes ∀, “some” becomes ∃, “not” becomes
¬ enabling precise semantic parsing and database query translation (Zelle & Mooney, 1996).
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Traditional NLP systems implemented an explicit separation of concerns mirroring these theoretical
foundations: tokenization and morphological analysis via regular grammar, syntactic parsing via
CFGs, followed by Montague style semantic composition to derive logical forms. Contemporary
large language models represent a fundamental departure from this symbolic paradigm. Rather than
explicitly encoding syntactic rules or logical operators, LLMs learn distributed representations op-
timized for next-token prediction over massive corpora. The compositional structure that Montague
formalized and the logical connectives that serve as its primitive operations are never explicitly rep-
resented. This raises a critical empirical question: do the internal computations of LLMs correspond
to the discrete logical primitives that classical theories posit as foundational to language understand-
ing? Specifically, do LLMs encode negation as a functional operator (λp.¬p) that systematically
inverts predicate truth values, or do they rely on statistical correlations that merely approximate
logical behavior? This question motivates our investigation into the mechanistic basis of negation
processing in transformer architectures.

2.2 LOGICAL STRUCTURE WITHIN LARGE LANGUAGE MODELS

A growing body of literature demonstrates the capability of large language models to acquire and
apply structured logic. Behavioral experiments have shown that LLMs can infer abstracted rules
from context, sometimes mirroring human learning trajectories more closely than formal symbolic
systems. However, these outcomes are obscured by the ”black box” nature of transformer archi-
tectures. Despite strong benchmark performance, research indicates that LLMs often rely upon
propositional shortcuts and struggle with fully general first-order logic reasoning, leading to failures
in compositional generalization.

2.3 INTERPRETING LARGE LANGUAGE MODEL FEATURES VIA SAES

Because transformer activations are polysemantic; meaning a single neuron may represent multi-
ple unrelated concepts, mechanistic interpretability has developed dictionary learning techniques
to isolate underlying circuits. Sparse autoencoders (SAEs) decompose dense activations into inter-
pretable, localized latent features by learning a dictionary matrix such that each network activation
x is reconstructed from a sparse vector of feature activations f (Cunningham et al., 2023). Recent
analyses indicate that while SAE features can map to human-interpretable concepts, they do not
necessarily converge to universal canonical units across different model sizes, necessitating rigor-
ous causal validation beyond simple correlation (Leask et al., 2025).

2.4 CHALLENGES IN NEGATION AND LOGICAL OPERATOR UNDERSTANDING

Robust, generalizable internal representations of negation remain notoriously elusive for neural ar-
chitectures. Recent work on vision-language models shows that despite robust performance on
standard tasks, these models perform substantively worse when integrating negative captions, often
resorting to near-random guesses (Alhamoud et al., 2025). Within text-only models, studies have
mapped circuits for mathematical operations (such as the ”greater than” operator) (Hanna et al.,
2023), but tracing abstract boolean logic like negation requires carefully disentangling the logical
operation from the semantic meaning of the words being negated.

3 STAGE 1: EXPLORATORY ANALYSIS AND THE LIMITS OF SMALL MODELS

Before investigating logical circuits in frontier models, we conducted an exploratory analysis on
GPT-2 Small Brown et al. (2020) to establish baseline methodology and characterize the limits of
smaller models. Our objective was to determine whether foundational logical circuits could be
mapped in computationally lightweight environments.

3.1 EXPERIMENTAL SETUP AND IMPLEMENTATION DETAILS

We analyzed GPT-2 Small using pre-trained Sparse Autoencoders from the SAE Lens library
(Bloom et al., 2024). We employed SAEs trained on residual stream activations across layers 4,
6, 8, and 10, each with a dictionary size of 24,576 features. We utilized three evaluation datasets:
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1. HiTZ Negation Corpus (Garcı́a-Ferrero et al., 2023): A labeled corpus of over 10,000
negation-annotated sentences. We constructed QA prompts (e.g., “Sentence: [text]. Ques-
tion: Does this sentence contain negation? Answer:”).

2. Continuation Prompts: Minimal-context sentence prefixes designed to naturally elicit
negation tokens based on standard linguistic distributions (e.g., “The weather is”, “It is”,
“I have”).

3. Synthetic ”Nonce” Dataset: To prevent the model from relying on pre-trained factual
knowledge, we constructed a Q&A dataset using pseudowords (nonce words) with no pre-
existing semantic associations. For example: “Context: In this world, the wug is feepy. Q:
Is the wug not feepy? A:”. The dataset utilizes four controlled conditions:

• Affirmative True: “In this world: The wug is feepy. Q: Is the wug feepy? A: [Yes]”
• Affirmative False: “... Q: Is the wug glorp? A: [No]”
• Negated True: “... Q: Is the wug not feepy? A: [No]”
• Negated False: “... Q: Is the wug not glorp? A: [Yes]”

This design ensures that correct performance on all four conditions requires genuine logical reason-
ing, not surface level heuristics.

For each SAE feature fi at each layer, we computed the mean activation on negation-positive exam-
ples:

Score(fi) =
1

Npos

∑
x∈Xpos

act(fi, x) (1)

where Xpos is the set of examples containing negation and act(fi, x) is the activation magnitude
of feature fi on input x. We ranked features by this score and selected the top-k (k = 20) for
subsequent analysis.

To assess whether SAE features encode information about negation presence, we trained logistic
regression probes at each layer:

ŷ = σ(w · f + b) (2)

where f is the SAE feature activation vector, and w, b are learned parameters. We evaluated probes
using AUROC, accuracy, and F1 score on held-out test sets.

3.2 PHASE 1 FINDINGS

3.2.1 DETECTION PERFORMANCE

Linear probes achieved near-perfect negation detection on the HiTZ corpus across all tested layers
(Table 1). Layer 8 achieved optimal performance with AUROC = 1.0, F1 = 1.0, and Accuracy = 1.0.
Notably, only 11–18 features (out of 24,576) were required for perfect classification, representing
<0.1% of the dictionary indicating extreme sparsity of negation relevant features.

Layer AUROC F1 Accuracy

4 0.9999 0.9960 0.9950
6 0.9991 0.9878 0.9850
8 1.0000 1.0000 1.0000
10 0.9999 0.9959 0.9950

Table 1: Negation detection performance on the HiTZ corpus using linear probes over SAE features
in GPT-2 Small. Layer 8 achieves perfect discrimination.

3.2.2 THE BAG-OF-WORDS HEURISTIC

Despite excellent detection performance, GPT-2 Small failed catastrophically when required to ap-
ply negation functionally. On the Synthetic Nonce Dataset, overall accuracy collapsed to approxi-
mately 50% (random chance). Critically, the error pattern revealed a systematic heuristic rather than
logical failure (Table 2).
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Condition Accuracy Pattern

Affirmative-True 86% “not” absent → Yes ✓
Affirmative-False 58% “not” absent → Yes ×
Negated-True 90% “not” present → No ✓
Negated-False 26% “not” present → No ×
Overall 65%

Table 2: GPT-2 Small accuracy by condition on the Synthetic Nonce Dataset. The model uses a
shallow heuristic: predict “No” if “not” is present, predict “Yes” otherwise, ignoring the logical
relationship between context and query.

The model succeeded on Affirmative-True (86%) and Negated-True (90%) because its heuristic
accidentally aligned with the correct answer. However, it failed on Affirmative-False (58%) and
Negated-False (26%) because the heuristic predicted the wrong answer. This pattern demonstrates
that GPT-2 Small treats negation as a statistical feature of the input distribution (a bag-of-words
signal) rather than a functional operator that modifies predicate truth values.

3.2.3 CAUSAL INTERVENTION ATTEMPTS

We attempted causal interventions by amplifying top negation correlated features during the Contin-
uation Prompts task. While activation patching successfully increased the probability of generating
negation tokens (“not”, “no”, “n’t”), this effect was consistent with a detector interpretation: the fea-
tures signaled “negation is contextually expected here” rather than implementing logical negation.
In the Synthetic Nonce Dataset, feature amplification did not produce a systematic improvement in
logical accuracy, confirming that GPT-2 Small lacks the circuitry to compute negation as a functional
operator.

3.3 PIVOT TO FRONTIER MODELS

The Stage 1 results yielded a critical realization: one cannot mechanistically interpret an abstract
logic circuit if the model does not possess one. GPT-2 Small treats negation as a statistical feature
of the training distribution, not as a functional operator modifying a predicate. Consequently, to
study true logical atomics, we required a model capable of flawless syntactic and logical reasoning.
We transitioned our analysis to Gemma-2-27B, a frontier open-weights model that achieved 100%
accuracy across all four conditions of our Synthetic Nonce Dataset, confirming the presence of a
robust internal reasoning circuits.

4 STAGE 2: MAIN CAUSAL ANALYSIS ON GEMMA-2-27B

Having established a capable model, we deployed the same causal intervention framework used in
Section 3.

4.1 DATASET FORMATTING AND FEATURE EXTRACTION

We generated 50 minimal pairs from our synthetic nonce dataset, where each pair consists of an
affirmative query (”Is the wug feepy?”) and its negated counterpart (”Is the wug not feepy?”) over
the same stipulated context. This design strictly isolates negation as the sole variable.

We utilized pretrained Gemma Scope SAEs (131k width) attached to the residual streams of Layers
10, 22, and 34. For each pair, we extracted feature activations at specific token positions: the ”not”
token, the predicate token, and the final punctuation token.

4.2 IDENTIFYING THE CAUSAL LOCUS OF NEGATION

Our feature extraction initially revealed that the “not” token position triggered massive activation
sizes in the deeper layers (Layers 22 and 34). However, causal interventions demonstrated a striking

5



270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323

Under review as a conference paper at ICLR 2026

dissociation between feature activation and causal effect. When we ablated the highly active features
in Layers 22 and 34, it produced zero change in the model’s final textual output.

Conversely, intervening exclusively on features extracted from Layer 10 successfully shifted the
model’s generation from “No” to “Yes” in negated true statements. We also found that the logic is
distributed: ablating a single Layer 10 feature resulted in an output flip in only 20% (1 out of 5) of
the tested queries. However, simultaneously ablating the top 5 localized features increased the flip
rate to 60% (3 out of 5), demonstrating a multi-feature sub-circuit.

4.3 METHODOLOGICAL CORRECTION: SAE RECONSTRUCTION ERROR

During initial causal patching experiments, we observed that while our interventions produced the
desired Boolean flips (shifting the model’s answer from “No” to “Yes” on negated statements),
they also induced severe model degradation. The baseline cross-entropy loss spiked from 2.86 to
32.57 and the model was no longer producing coherent completions. To ensure our results reflected
genuine removal of negation processing rather than simply breaking the model, we systematically
diagnosed the sources of this degradation.

We identified two independent sources of intervention artifacts:

Source 1: SAE Reconstruction Error. Our initial intervention methodology operated as follows:

1. Extract the activation vector hℓ at layer ℓ and position p from the residual stream.
2. Encode this activation into SAE feature space: f = SAEenc(hℓ).
3. Modify the target feature activations within f (e.g., setting fi = 0 for ablation).

4. Decode back to activation space: ĥℓ = SAEdec(f).

5. Replace the original activation hℓ with the modified version ĥℓ.

Because SAEs are intrinsically lossy approximations (hℓ ̸= ĥℓ even when no features are modified),
this encode-decode cycle corrupts information in the residual stream unrelated to our target features.
We confirmed this was the dominant source of degradation by measuring loss at steering strength
zero and observed loss of approximately 30.9, nearly as severe as our full intervention. We resolved
the reconstruction error, by adopting the direct steering method standard in recent interpretability
literature (Templeton et al., 2024). Rather than passing activations through the SAE bottleneck, we
extract the decoder weight vector di corresponding to each target feature i and modify the residual
stream directly:

h′
ℓ = hℓ − α · di (3)

where α is the steering strength. This approach modifies only the geometric direction associated
with the target feature while preserving all other information in the residual stream.

Source 2: Off-Manifold Steering. A secondary source of degradation was our aggressive steering
magnitude. The natural activation for our target “not” features is approximately 286. By applying
a steering strength of −3000, we pushed feature activations to approximately −2714 a region of
activation space the model never encountered during training. This off-manifold state contributed
an additional ∼2 points of loss degradation on top of the reconstruction error.

With reconstruction error eliminated, we swept through a range of steering strengths to identify the
optimal intervention regime. Figure 2 shows the relationship between ablation magnitude, output
probability shifts, and model coherence.

The results reveal a clear “Goldilocks zone” between steering strengths of approximately 200 to
800, where:

• P(Yes) increases substantially (from < 5% to > 60%)
• P(No) decreases correspondingly (from > 80% to < 40%)
• Cross-entropy loss remains near baseline (< 4.0), indicating coherent model outputs
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Figure 2: Causal logit shifts versus off-manifold degradation with the corrected (error-free) inter-
vention methodology. As ablation magnitude increases, P(Yes) steadily climbs while P(No) drops.
Crucially, this probability shift occurs while cross-entropy loss remains low (between 2.8 and 4.0),
indicating the model maintains linguistic coherence. Loss only spikes at very high steering strengths
(> 1200), well beyond the region needed for effective intervention.

This stands in stark contrast to our initial methodology. Figure 3 compares the two approaches: un-
der the original encode-decode intervention, loss was already catastrophically elevated (∼30) even
at low steering strengths, making it impossible to disentangle causal effects from model degrada-
tion. With the corrected methodology, we achieve clean probability shifts while maintaining model
coherence, providing confidence that the observed effects reflect genuine manipulation of negation
processing.

Figure 3: Comparison of intervention methodologies. Under the original encode-decode approach,
loss remains elevated (∼30) across all steering strengths due to SAE reconstruction error. The
corrected direct-vector approach maintains low loss at moderate steering strengths, enabling clean
causal inference.
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5 SCOPE OF NEGATION FEATURES

5.1 TOKEN LENGTH DOES NOT GATE CAUSAL INTERVENTION

During preliminary analysis, we observed that specific predicates (e.g., ”slonky”) were entirely resis-
tant to causal intervention, displaying a 0% flip rate. We initially hypothesized that token fragmen-
tation was the causal bottleneck. Because ”slonky” tokenizes into three distinct sub-token fragments
(”sl” + ”on” + ”ky”), we theorized this interrupted the residual stream’s propagation of the negation
operator.

To test this, we constructed a controlled dataset of 40 novel predicates mathematically binned by
token length (1 through 4 tokens) and ran our optimized, decoder-weight multi-feature ablation
across all bins. The results decisively falsified the token-fragmentation hypothesis. The flip rates
were as follows:

Table 3: Causal Intervention Flip Rate by Predicate Token Length

Token Length Flip Rate (%) Mean ∆ (Yes)
1-Token Predicates 60.0% +0.523
2-Token Predicates 40.0% +0.423
3-Token Predicates 46.0% +0.506
4-Token Predicates 52.0% +0.499

Because the model successfully flipped its answer more than half the time even on massive 4-token
nonsense words, we conclude that intervention resistance is not driven by token length. Further
investigation is left for future work.

5.2 DETECTOR VS. OPERATOR

A critical question in mapping linguistic feature is are we merely identifying a lexical detector (a
feature that activates strictly upon seeing the string “not”), or have we identified a true semantic
operator (a feature that abstracts the logical concept of reversal)?

To answer this, we measured the mean SAE feature activation of the top 5 Layer 10 features across
diverse grammatical variations of negation. While the features activated most strongly for the stan-
dard ”not” (µ = 286.0), they generalized robustly to other explicit negators, scoring 152.0 for ”no”
and 87.0 for the temporal negator ”never”.

Most profoundly, these same features fired for structurally and morphologically completely diver-
gent constructions, including the action-based ”fail” (µ = 69.0) and the morphological prefix ”un-”
(µ = 52.2). The activation across these disparate tokens proves that Layer 10 contains a general-
ized Semantic Operator for negation. The model has abstracted the concept of logical reversal into
specific geometric features, rather than memorizing a rigid English string.

5.3 FEATURE ENTANGLEMENT: THE SENTIMENT CONFOUND

Despite this abstraction, the internal representation of logic within Gemma-2-27B is not mathemati-
cally pure. To test the boundaries of these features, we exposed the top 5 negation features to words
that possess extreme negative valence but completely lack Boolean logical negation (e.g., ”Evil”,
”Worst”).

Remarkably, the negation features exhibited strong activations: 81.00 for ”Evil” and 58.75 for
”Worst”. This mathematically proves that the model entangles pure logical negation with negative
semantic ”vibes” (concepts of rejection, badness, or absence). To isolate the pure logical operation,
we implemented feature orthogonalization. We mapped the geometry of pure negative sentiment into
a vector vsentiment, and scrubbed it from our logic steering vector vsteer using orthogonal projection:

vortho = vsteer −
vsteer · vsentiment

∥vsentiment∥2
vsentiment (4)

8
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This purification technique is essential for performing causal interventions that invert truth values
without injecting negative sentiment into the generated text.

5.4 CIRCUIT TRACING AND FEATURE SUFFICIENCY

To understand the full causal pathway, we first tested for feature sufficiency. We manually injected
the purified top 5 negation features into affirmative sentences (attempting to turn a ”Yes” into a
”No”). This yielded a 0% flip rate. This negative result is highly informative: it proves that the
Layer 10 features are necessary (ablating them breaks negation) but not sufficient to spontaneously
manifest logical negation.

This indicates that Layer 10 acts as an upstream router. To trace this pathway, we ablated the
features at Layer 10 and placed read-hooks deeper in the network. Mathematically suffocating these
5 features caused a massive downstream collapse in the later layers:

• Layer 22: Mean negation feature activation crashed from 1539.2 down to 932.0 (a ∼40%
drop).

• Layer 34: Mean negation feature activation crashed from 1176.0 down to 691.2 (a ∼40%
drop).

This establishes a definitive causal, feed-forward circuit. The downstream collapse is substantial but
not total, suggesting that while Layer 10 is the primary trigger, the model utilizes redundant parallel
pathways in the residual stream to route semantic context.

6 LIMITATIONS AND FUTURE WORK

While our two-stage methodology isolates specific logic operations with high precision, we antici-
pate several necessary robustness checks for future analyses:

• Prompt Sensitivity: Our analysis relies on a structured few-shot Q&A format. Future
work must verify if the identified semantic operator generalizes to zero-shot or conversa-
tional prompt formats.

• Component Attribution: While we established the causal root in Layer 10’s residual
stream, the residual stream is merely a routing highway. Techniques such as Direct Logit
Attribution or path-patching are required to trace the exact Attention Head or MLP respon-
sible for computing this feature in Layers 1-9.

• Next-Token Myopia: Our steering successfully shifts the immediate subsequent logit
probability. Future research should evaluate multi-token generative coherence to ensure
the intervention induces a globally stable semantic state across long-form generation.

• SAE Artifacts: We utilized the Gemma Scope 131k-width SAEs. To ensure our features
represent fundamental model cognition rather than artifacts of a 131,000-latent dictionary,
comparative replication using smaller dictionaries (e.g., 16k or 65k widths) is warranted.

7 CONCLUSION

Our study bridges the gap between formal semantic theory and modern distributional language mod-
eling. By demonstrating that smaller models rely on statistical heuristics, we validated the necessity
of frontier models and synthetic nonce datasets to study pure reasoning. In Gemma-2-27B, we iso-
lated a generalized semantic operator for negation in Layer 10 that triggers a causal, feed-forward
downstream circuit. By correcting standard SAE reconstruction errors via decoder-weight steering,
we achieved clean causal interventions. Crucially, we revealed that LLMs do not represent logic as
pure canonical symbols, but geometrically entangle it with negative semantic sentiment. These find-
ings represent a foundational step toward fully decoding the abstract reasoning mechanics embedded
within modern large language models.

9
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A STAGE 1 DETAILED RESULTS: GPT-2 SMALL ANALYSIS

This appendix provides comprehensive results from our exploratory analysis on GPT-2 Small, in-
cluding layer-wise performance metrics, feature activation statistics, and detailed breakdowns by
experimental condition.
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A.1 LAYER-WISE DETECTION PERFORMANCE

Table 4 presents the full detection performance metrics across all analyzed layers of GPT-2 Small
on the HiTZ Negation Corpus.

Layer AUROC F1 Acc. Precision Recall Active Features

4 0.9999 0.9960 0.9950 0.9942 0.9978 15
6 0.9991 0.9878 0.9850 0.9821 0.9936 11
8 1.0000 1.0000 1.0000 1.0000 1.0000 14
10 0.9999 0.9959 0.9950 0.9940 0.9978 18

Table 4: Complete detection metrics by layer. “Active Features” indicates the number of features
(out of 24,576) with non-zero probe weights, demonstrating extreme sparsity.

A.2 SAE SPARSITY ANALYSIS

Table 5 illustrates the sparsity characteristics of negation-related features across layers.

Layer Active Features Sparsity (%) Dictionary Size

4 15 99.94 24,576
6 11 99.96 24,576
8 14 99.94 24,576
10 18 99.93 24,576

Table 5: SAE sparsity by layer. Sparsity is computed as the percentage of features with zero activa-
tion across negation-positive examples. All layers exceed 99.9% sparsity.

A.3 TOP-5 FEATURE ACTIVATION PATTERNS (LAYER 8)

Table 6 presents the activation statistics for the top-5 negation-predictive features at Layer 8, which
achieved optimal detection performance.

Rank Feature ID µpos µneg Ratio Cohen’s d

1 #9591 0.753 0.014 53.8× 4.21
2 #21807 0.496 0.008 62.0× 3.87
3 #3342 0.580 0.011 52.7× 3.95
4 #11583 0.237 0.005 47.4× 2.89
5 #6181 0.551 0.012 45.9× 3.72

Table 6: Activation statistics for top-5 negation-predictive features at Layer 8. µpos = mean activation
on negation-positive examples; µneg = mean activation on negation-negative examples. All features
show strong unidirectional selectivity.

A.4 SYNTHETIC NONCE DATASET: DETAILED ACCURACY BREAKDOWN

Table 7 provides a detailed breakdown of GPT-2 Small’s performance on the Synthetic Nonce
Dataset, including confidence intervals and per-predicate variation.

A.5 CONTINUATION PROMPT CAUSAL INTERVENTION

Table 8 presents the results of causal interventions on the Continuation Prompts task, where we
amplified top negation features and measured the change in negation token probability.
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Condition N Accuracy 95% CI P(Yes) P(No)

Affirmative-True 50 86% [74%, 94%] 0.72 0.28
Affirmative-False 50 58% [44%, 71%] 0.42 0.58
Negated-True 50 90% [79%, 96%] 0.10 0.90
Negated-False 50 26% [15%, 40%] 0.26 0.74

Overall 200 65% [58%, 72%] — —

Table 7: Detailed accuracy breakdown on the Synthetic Nonce Dataset. P(Yes) and P(No) indicate
mean output probabilities. Note the consistent bias toward “No” when “not” is present, regardless
of logical correctness.

Scale (α) P(“not”) P(“no”) P(“n’t”)
∑

Negation ∆ from Baseline

0.0 (baseline) 0.023 0.018 0.007 0.048 —
1.0 0.031 0.024 0.009 0.064 +0.016
5.0 0.058 0.041 0.015 0.114 +0.066
10.0 0.089 0.062 0.021 0.172 +0.124
20.0 0.134 0.091 0.028 0.253 +0.205

Table 8: Causal intervention results on Continuation Prompts. Amplifying top-5 negation features
monotonically increases the probability of generating negation tokens, consistent with detector (not
operator) behavior.

A.6 MODEL COMPARISON: TRANSITION TO FRONTIER MODELS

To justify our transition to Gemma-2-27B, we evaluated multiple models on the Synthetic Nonce
Dataset. Table 9 summarizes the results.

Model Aff-True Aff-False Neg-True Neg-False Overall

GPT-2 Small (124M) 86% 58% 90% 26% 65%
GPT-2 Medium (355M) 100% 0% 6% 92% 50%
Gemma-1B 0% 100% 100% 0% 50%
Gemma-2-9B 100% 100% 100% 60% 90%
Gemma-2-27B 100% 100% 100% 100% 100%

Table 9: Model comparison on the Synthetic Nonce Dataset. Smaller models exhibit systematic
biases (GPT-2 Small: “not” → No; GPT-2 Medium: always “Yes”; Gemma-1B: always “No”).
Only Gemma-2-27B achieves perfect accuracy, indicating genuine logical reasoning capability.

A.7 NONCE WORD VOCABULARY

For reproducibility, we list the complete vocabulary used in our Synthetic Nonce Dataset.

Entities (Subjects): wug, dax, blicket, fep, miv, zorp, toma

Predicates: feepy, glorp, brivit, tamic, slonky, worpal

Prompt Template:

Context: In this world: The {entity} is {predicate}.
Q: Is the {entity} [not] {predicate}?
A:

All nonce words were selected to be phonotactically plausible in English while having no pre-
existing semantic associations in the model’s training data.
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A.8 FEATURE OVERLAP ACROSS LAYERS

To assess whether negation features are consistent across network depth, we computed the Jaccard
similarity between top-20 feature sets at adjacent layers.

Layer Pair Jaccard Similarity

Layer 4 ↔ Layer 6 0.12
Layer 6 ↔ Layer 8 0.18
Layer 8 ↔ Layer 10 0.15

Table 10: Jaccard similarity between top-20 negation feature sets at adjacent layers. Low overlap
suggests that negation representations transform substantially through network depth rather than
being copied unchanged.
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