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Abstract

Large Language Models (LLMs) have achieved remarkable
progress in understanding and generating natural language,
yet they continue to struggle with tasks that require explicit
logical, deductive, and symbolic reasoning. This limitation
stems from their reliance on statistical correlations in human
written text rather than structured reasoning grounded in for-
mal logic. In this work, we explore a hybrid neuro symbolic
perspective that bridges statistical language modeling with
structured reasoning paradigms. We investigate how decou-
pled token representations and feedback guided adaptation
originally developed to enhance multimodal understanding
can also serve as mechanisms for improving logical consis-
tency and inference in LLMs. Specifically, we propose inte-
grating symbolic reasoning modules, external logic solvers,
and constraint based inference layers within transformer ar-
chitectures to align neural activations with logical entailment
structures.Our empirical analysis demonstrates that incorpo-
rating logic informed feedback during fine tuning enhances
both deductive and inductive reasoning capabilities while sig-
nificantly reducing self contradiction, semantic drift, and hal-
lucination across multi turn reasoning tasks. We further show
that explicit reasoning traces, when combined with learned
representations, improve interpretability and trustworthiness
in model outputs. These findings support the growing view
that hybrid neurosymbolic systems combining the flexibility
of neural networks with the rigor of formal logic represent a
crucial step toward reasoning aware foundation models.

Code — https://anonymous.4open.science/r/Mech-Interp-
Experiments-C9F4/recall-vs-reasoning/README.md

Datasets — https://anonymous.4open.science/r/Mech-
Interp-Experiments-C9F4/modeling dataset.json

Introduction
Transformer-based language models have demonstrated re-
markable capabilities across domains, from retrieving fac-
tual knowledge to solving reasoning-intensive tasks (Wei
et al. 2022). Two abilities in particular stand out: recall,
the ability to retrieve memorized facts, and reasoning, the
ability to integrate multiple pieces of information to draw
an inferences. (Petroni et al. 2019) (Larenz 2023) Despite
strong performance, it remains unresolved whether these

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

abilities arise from shared mechanisms or from distinct cir-
cuits within transformer architectures. (Olsson et al. 2022)
(Elhage et al. 2021)

Understanding this distinction is not only a matter of sci-
entific curiosity. It has direct implications for the reliabil-
ity and safety of model deployment. If recall and reasoning
are separable at the circuit level, we can better predict when
models will generalize beyond memorized knowledge, de-
sign more targeted evaluation benchmarks, and develop in-
terventions that disable one capability without unintention-
ally impairing the other. Disentangling these functions is
thus a core challenge in mechanistic interpretability, the field
that seeks to explain model behavior in terms of their inter-
nal structure.

Mechanistic interpretability (MI) aims to reverse-
engineer a neural network into human-interpretable compo-
nents and algorithms. Unlike probes or attributions that offer
correlational insight, MI focuses on causal, structural expla-
nations: identifying internal circuits such that replacing or
intervening on them produces predictable changes in model
behavior. This view is formalized in the framework of causal
abstraction, which unifies methods like activation patching,
path interventions, and scrubbing under a principled map-
ping from low-level activations to higher-level algorithmic
structure (Geiger et al. 2025)

Within mechanistic interpretability, researchers have doc-
umented compelling internal behaviors in transformers. At-
tention heads can implement recognizable functions such
as induction heads that support in-context learning (Olsson
and et al. 2022) or heads that selectively copy tokens and
localize features. (Elhage et al. 2021) More recent efforts
have mapped circuits across layers and shown how feed-
forward (MLP) blocks encode semantically meaningful fea-
tures. (Geva, Schuster, and Berant 2021; Wang et al. 2022;
Nanda 2023) While illuminating, many of these results re-
main anecdotal or limited to narrow tasks and models, un-
derscoring the need for more systematic, mechanistic anal-
yses that probe how recall and reasoning are implemented
internally.

At the same time, evidence is mounting that LLM out-
puts do not always faithfully reflect their internal reasoning.
Models can produce explanations or answers misaligned
with their actual internal states (Chen et al. 2025; Turpin
et al. 2023), and in some cases, they engage in align-



ment faking or specification gaming—producing superfi-
cially valid responses that meet training objectives with-
out adhering to the intended task (Greenblatt et al. 2024;
Denison et al. 2024). Addressing such reliability concerns
requires going beyond performance metrics and probing
the underlying circuits. Instead of retraining models from
scratch, a promising strategy is to identify and experimen-
tally validate the specific heads, neurons, and subcircuits re-
sponsible for recall and reasoning. By establishing which
components activate during genuine reasoning versus mem-
orized retrieval, we aim to provide a mechanistic yardstick
for separating these two cognitive processes. Such distinc-
tions can also offer transferable insights for domains like
mathematics, symbolic reasoning, and program synthesis,
where it is equally critical to distinguish inference from rote
retrieval.

In this work, we probe whether recall and reasoning
are supported by separable circuits in transformer mod-
els. Rather than merely observing activation differences, we
carry out causal intervention experiments to connect internal
structure to functional behaviors. Our investigation centers
on five testable claims:

• Layer specialization: some layers contribute more
causally to recall, others to reasoning

• Head specialization: attention heads differ in their causal
contributions across task types.

• Neuron firing: particular neurons or clusters show task-
specific activation signatures.

• Architectural generality: these specialization patterns
persist across model families.

• Selective intervention: disabling recall circuits should
impair fact-retrieval but spare inference, and vice versa.

Taken together, we aim not just to map activation dif-
ferences, but to causally interpret circuit-level structure for
memory vs inference in large models.

To investigate these hypotheses, we construct controlled
recall–reasoning task pairs that isolate differences in com-
putation rather than superficial input content. In particular,
we draw on synthetic linguistic puzzles inspired by the In-
ternational Linguistics Olympiad (IOL), curated from mul-
tiple public datasets, where recall tasks require direct fact
retrieval while reasoning tasks demand rule discovery and
multi-step inference. In parallel, we design counterfactual
factual queries to further disentangle recall from reasoning
under matched surface forms. Using this suite of tasks, we
trace model activations and apply targeted causal interven-
tions (e.g. activation patching) to test whether manipulating
specific layers, heads, or neurons predictably alters task per-
formance.(Meng et al. 2022) We also probe MLP blocks to
detect activation patterns corresponding to distinct compu-
tational roles, enabling us to assess whether recall and rea-
soning rely on separable subcircuits. Our work makes the
following contributions to mechanistic interpretability:

• A dataset of controlled recall–reasoning task pairs that
disentangle differences in semantic content from differ-
ences in computation.

• Empirical evidence of layer specialization, showing that
distinct strata are differentially involved in recall and rea-
soning.

• Causal validation of functional roles, demonstrating pre-
dictable behavioral changes when targeted activations are
modified.

• Discovery of modular activation subspaces within MLP
blocks, revealing interpretable roles such as feature se-
lection, transformation, and gating.

• A discussion of how hypothesis-driven experimentation
can scale to larger models and more complex tasks.

Together, our findings suggest that LLMs are not mono-
lithic black boxes but instead implement structured and de-
composable computations that can be systematically probed
and interpreted.

Background and Related Work
Mechanistic Interpretability and Circuits
Mechanistic interpretability seeks to explain the internal
computations of large language models (LLMs) by decom-
posing them into circuits, i.e., sparse subnetworks of weights
and activations that implement specific functions (Elhage
et al. 2021; Olsson and et al. 2022). A transformer layer with
hidden representation h(l) ∈ Rd can be expressed as

h(l+1) = h(l) +Attn(l)(h(l)) +MLP (l)(h(l)), (1)

where the residual stream accumulates contributions from
the attention and feed-forward sublayers. Understanding
how information flows through these components is central
to mechanistic analysis.

In attention, a head computes

AttnHead(H) = softmax

(
QK⊤
√
dk

)
V, (2)

with Q = HWQ, K = HWK , and V = HWV . Prior work
has shown that certain heads implement interpretable behav-
iors such as induction, entity copying, or position tracking
(Olsson and et al. 2022). Feed-forward blocks, by contrast,
are typically defined as

MLP (h) = W2 σ(W1h+ b1) + b2, (3)

where σ is a nonlinearity such as GELU. Geva et al. (Geva,
Schuster, and Berant 2021) demonstrated that these layers
behave like key-value memories, with W1 selecting features
and W2 writing them back into the residual stream.

Beyond descriptive analysis, causal interventions have
been developed to test whether these circuits are functionally
necessary. Activation patching (Meng et al. 2022) replaces
a corrupted hidden state with its clean counterpart during a
forward pass, and measures the change in output probability,

∆(l) = p(y | x,h(l)←hclean)− p(y | x,hcorr), (4)

where a large ∆(l) indicates that layer l is causally important
for the target behavior.

Although these methods have revealed circuits for induc-
tion, factual recall, and feature storage, many results remain



anecdotal and lack systematic hypothesis testing. Scaling
circuit discovery to larger models and grounding claims in
causal validation remain open challenges, motivating our fo-
cus on hypothesis-driven experiments for recall, reasoning,
and modular subspaces.

Recall, Reasoning, and Modular Subspaces
The distinction between recall and reasoning can be formal-
ized in terms of the operations applied to hidden represen-
tations. Recall corresponds to retrieving stored associations
from the residual stream, i.e.,

h(l+1) ≈ h(l) + frecall(h
(l)), (5)

where frecall extracts factual features directly encoded in
parameters. Reasoning, by contrast, requires compositional
transformations that operate on multiple features, such that

h(l+1) ≈ h(l) + freason(h
(l1),h(l2), . . .), (6)

with dependencies across layers and tokens. Behavioral ev-
idence suggests that earlier layers contribute more to recall
while deeper layers perform multi-step reasoning (Elhage
et al. 2021; Olsson and et al. 2022), though direct mechanis-
tic validation remains limited.

Multilayer perceptrons (MLPs) provide an additional lens
on this separation. A feed-forward block,

MLP (h) = W2 σ(W1h+ b1) + b2, (7)

has been interpreted as a key-value memory system, with
W1 selecting features and W2 writing them back into the
residual stream (Geva, Schuster, and Berant 2021). Empir-
ical analyses indicate that hidden dimensions cluster into
modular subspaces that perform roles such as feature selec-
tion, transformation, and gating (Nanda 2023). This modular
view suggests that recall and reasoning may correspond to
distinct activation subspaces, motivating targeted interven-
tions to test their causal roles.

Dataset Construction
Design Principles and Generation
To investigate the neural mechanisms underlying recall ver-
sus reasoning in large language models (LLMs), we con-
structed a controlled dataset that isolates these two cogni-
tive functions. The key design objective was to create paired
prompts that are semantically identical in factual content but
differ in the type of cognitive process required: direct fac-
tual recall versus two-step logical reasoning. To ensure clar-
ity and verifiability, the dataset focuses on world geography,
specifically countries, their capitals, and the continents in
which they are located. This domain provides structured fac-
tual relationships and straightforward reasoning paths.

The dataset was generated using a GPT-based synthetic
pipeline. A large language model was prompted to gen-
erate lists of entities related by specific, verifiable facts
(e.g., “list 50 countries, their capitals, and their continents”).
These triples (country–capital–continent) were then pro-
grammatically formatted into recall and reasoning prompt
pairs using fixed templates, which ensured structural con-
sistency and minimized linguistic variability. All generated

items were filtered, validated, and labeled with task type and
ground truth answers. The final dataset contains 60 ques-
tions, evenly divided into 30 recall tasks and 30 reasoning
tasks.

Task Structure and Balance
Each recall question directly queries a single fact from the
knowledge base, such as “What is the capital of France?”.
Reasoning questions require combining two pieces of infor-
mation from the same triple, such as “If Paris is the cap-
ital of France and France is in Europe, what continent is
Paris in?”. This design ensures that recall and reasoning
items share identical underlying content while differing in
the number of inferential steps. By keeping linguistic com-
plexity constant across both task types, we achieve a bal-
anced comparison in which the cognitive demand—single-
step retrieval versus multi-step inference—serves as the pri-
mary distinguishing factor.

Experimental Setup
Model Selection
For this study, the Qwen2.5-7B-Instruct language
model was utilized. This model was selected due to its
competitive performance and architecture, which supports
detailed inspection of internal activations. The model was
loaded using the nnsight(Fiotto-Kaufman et al. 2024) li-
brary, enabling tracing and extraction of activations during
inference. The attn implementation parameter was
set to ”eager” to ensure accessibility of attention weights.
To leverage hardware acceleration, the model was deployed
on an NVIDIA A100 GPU within the Google Colab envi-
ronment.

Primary Hypothesis and Sub-Hypotheses
The primary hypothesis states that large language mod-
els develop distinct internal circuits for recall (memory re-
trieval) versus reasoning (logical inference) tasks, with mea-
surable differences in attention patterns, MLP activations,
and hidden state representations. This was decomposed into
three testable sub-hypotheses:

• H1: Specific layers specialize for recall vs. reasoning
(layer specialization).

• H2: Attention heads show differential activation patterns
between task types.

• H3: MLP neurons exhibit task-specific firing patterns.

Each sub-hypothesis was tested independently, with the goal
of demonstrating that proving all three provides strong evi-
dence in support of the primary hypothesis.

Activation Tracing and Data Collection
Experimental data were obtained by feeding controlled re-
call and reasoning prompt pairs to the model. For each
prompt, the model was permitted to generate a limited num-
ber of new tokens (n = 10) to produce a response. During
this process, the nnsight library was employed to trace the
model’s execution. Specifically, activations were collected



for the final token of the input sequence across all 28 trans-
former layers:
• Hidden states (outputs of each layer).
• Self-attention weights (attention distributions from the

attention mechanism).
• MLP activations (outputs of the gate projection in the

MLP block).
This process enabled systematic extraction of internal repre-
sentations and computational signals relevant to recall and
reasoning tasks. For hypotheses H1 and H2, hidden state
statistics and attention metrics were utilized, whereas H3
analysis relied specifically on neuron-level MLP activations.

General Statistical Framework
Across hypotheses, the following statistical procedures were
employed:
• Significance testing: Mann–Whitney U test (Mann and

Whitney 1947) to compare distributions between recall
and reasoning tasks.

• Effect size: Cohen’s d (Cohen 1988) as a measure of
magnitude of difference.

• Multiple comparisons: FDR (Benjamini and Hochberg
1995) correction (α = 0.01) for H1 and H2, and Bonfer-
roni correction (Dunn 1961) (α = 0.0001) for the fine-
grained H3 analysis.

Cross-Validation
Robustness was further assessed via 5-fold cross-validation
on the top 50 most task-specific neurons identified in the
initial analysis. A neuron was considered consistently task-
specific if it maintained the same task preference (recall vs.
reasoning) in at least 80% of the folds.

Firing Pattern Analysis
Firing probabilities were computed for each significant neu-
ron under recall and reasoning tasks using the binary firing
indicators. Task specificity was quantified as the absolute
difference in firing probability between the two task types.
Neurons were ranked based on this measure, and their dis-
tribution across layers was analyzed to identify points in the
network where task-specific signals were most concentrated.

Experimental Procedures for Hypothesis
Evaluation
H1: Specific layers specialize for recall vs reasoning
(layer specialization) To test H1, a comprehensive layer-
wise activation analysis framework was implemented. For
each of the 28 transformer layers, six activation features
were computed: (1) hidden state norms, (2) hidden state
means, (3) attention entropy measuring the distribution of
attention weights, (4) attention concentration quantifying fo-
cus patterns, (5) MLP activation magnitude, and (6) activa-
tion sparsity indicating the proportion of inactive neurons.
Distributions of these features were compared between re-
call and reasoning tasks using the Mann–Whitney U test,
and effect sizes were quantified with Cohen’s d. To con-
trol for multiple comparisons, FDR correction was applied

with α = 0.01. Layers were classified as recall-specialized,
reasoning-specialized, mixed, or non-specialized based on
consistent significant effects (p < 0.01 after FDR correc-
tion) with substantial effect sizes (|d| > 0.5) across multiple
activation features.

H2: Attention heads show differential activation patterns
between task types To test H2, head-level activation pat-
terns were analyzed across all 784 attention heads (28 layers
× 28 heads per layer). Five attention-specific metrics were
computed for each head: (1) attention entropy measuring
distribution uniformity, (2) maximum attention weight in-
dicating peak focus, (3) attention focus quantifying concen-
tration patterns, (4) attention spread measuring dispersion,
and (5) the Gini coefficient (Gini 1936) assessing inequal-
ity of attention allocation. Rigorous statistical controls were
applied, including an FDR correction threshold of 0.0001, a
minimum effect size requirement of |d| > 1.0, and exclusion
of heads with insufficient or invariant data. Heads were clas-
sified as consistently specialized if they demonstrated sig-
nificant differential activation between recall and reasoning
tasks in at least three of the five metrics while meeting the
strict thresholds.

H3: MLP neurons exhibit task-specific firing patterns
To test H3, the activations of individual neurons within the
MLP layers were analyzed. For each neuron and each task,
both the raw activation value and a binary firing indicator
(1 if activation > 0, 0 otherwise) were extracted for the fi-
nal token of the input. Distributions of activations between
recall and reasoning tasks were compared using the Mann–
Whitney U test, and Cohen’s d was computed as an effect
size measure. To correct for multiple testing across the large
number of neurons, Bonferroni correction was applied with
α = 0.0001. Neurons were deemed task-specific if their cor-
rected p-value was less than 0.0001 and their effect size (|d|)
exceeded 1.0, indicating a substantial and reliable difference
in activation.

Results and Analysis
Our systematic analysis revealed that there are circuits
which are inheritently responsible for reasoning as opposed
to recall. For each of the sub hypothesis, we present the fol-
lowing results

Layer-Wise Attention Behavior in Recall vs.
Reasoning
The Layer Specialization Hypothesis (H1) posits that dif-
ferent layers within the LLM are preferentially engaged in
recall or reasoning. To test this, we analyzed six activation
features per layer across all 28 layers: hidden state norms,
hidden state means, attention entropy, attention concentra-
tion, MLP activation magnitude, and activation sparsity. Dis-
tributions were compared using the Mann–Whitney U test,
and multiple comparisons were controlled via false discov-
ery rate (FDR) correction at α = 0.01. Effect sizes were
quantified with Cohen’s d:

dl =
µ(X

(r)
l )− µ(X

(s)
l )

σp
,



Table 1: Consistently specialized layers identified in 5-fold
cross-validation (H1).

Specialization Type Layers
Recall-specialized 3, 4, 5, 6, 8, 9, 10, 11, 12, 13, 14, 15, 17, 19, 25
Reasoning-specialized 1, 2, 18

where µ(·) denotes the mean activation for recall (X(r)
l ) or

reasoning (X(s)
l ), and σp is the pooled standard deviation.

Layer Specialization Patterns - The analysis revealed
clear differences in activation patterns. As shown in Fig-
ure 1, many layers exhibited statistically significant effects
(p < 0.01 after FDR correction) with substantial effect
sizes (|dl| > 0.5). Based on consistent effects across met-
rics, layers were classified into four categories: 15 recall-
specialized, 3 reasoning-specialized, 10 mixed-specialized,
and 0 non-specialized. Figures 2 and 3 illustrate the dom-
inance and broader distribution of recall-specialized layers
compared to the more localized reasoning-specialized lay-
ers.

Cross-Validation Robustness - To assess robustness, we
repeated the analysis using 5-fold cross-validation. A layer
was deemed consistent if it maintained the same specializa-
tion type in at least 80% of folds:

1

5

5∑
f=1

I
(
C

(f)
l = C∗

l

)
≥ 0.8,

where C
(f)
l denotes the specialization classification of layer

l in fold f and C∗
l is its modal class. Results confirmed high

stability: 18 layers satisfied this criterion, with 15 recall-
specialized and 3 reasoning-specialized (Table 1).

These findings provide strong evidence for the Layer Spe-
cialization Hypothesis. Recall-specialized layers are both
more numerous and broadly distributed, while reasoning-
specialized layers are fewer and concentrated. The consis-
tency across folds demonstrates that these specialization pat-
terns are robust and not artifacts of data partitioning.

Attention Head Specialization Across Tasks
The Attention Head Specialization Hypothesis (H2) ex-
tends the notion of functional differentiation to the granu-
larity of individual attention heads, proposing that specific
heads preferentially engage in recall or reasoning tasks. To
rigorously test H2 and mitigate artifacts from head-level
variability, a fixed analysis pipeline with stricter statistical
controls was employed. These included a more stringent
FDR correction threshold (α = 0.0001), a higher minimum
effect size requirement (|d| ≥ 1.0), and robust data valida-
tion to exclude heads with insufficient or invariant data.

Head-Level Analysis - Attention head behavior was
quantified using five metrics: entropy, maximum weight, fo-
cus, spread, and the Gini coefficient. A head was defined as
specialized if it exhibited significant differential activation
between recall and reasoning tasks in at least three of these
metrics while also satisfying the statistical and effect size
thresholds.

Specialization Results - Out of 784 total heads (28 layers
× 28 heads), 583 were identified as consistently specialized
under these strict criteria. The breakdown is shown in Ta-
ble 2: 239 recall-specialized, 219 reasoning-specialized, and
125 mixed-specialized.

Table 2: Breakdown of consistently specialized attention
heads (H2).

Specialization Type Number of Heads
Recall-specialized 239
Reasoning-specialized 219
Mixed-specialized 125
Total 583

Effect Sizes - The distribution of effect sizes among spe-
cialized heads was substantial, ranging from 2.8 to 13.8 with
a mean of 6.83. Figure 4 illustrates this distribution, showing
that specialization effects are widespread and not limited to
a small subset of heads.

Figure 5 highlights the top 15 specialized heads ranked
by average effect size, including recall-specialized heads
such as L2H5, L7H1, and L6H9, and reasoning-specialized
heads such as L26H5, L27H8, and L21H10. Figure 6 further
demonstrates that specialized heads are distributed across all
layers of the network, with certain layers (e.g., 0–4) exhibit-
ing higher concentrations.

Even under strict statistical criteria, more than 70% of
heads (583/784) were consistently specialized. This strong
prevalence of head-level specialization provides compelling
evidence in support of H2, confirming that functional differ-
entiation extends beyond layers to individual attention heads
across the network.

MLP Neuron Task-Specificity (Hypothesis H3)
The MLP Neuron Task-Specificity Hypothesis (H3) posits
that individual MLP neurons exhibit differentiated activation
patterns depending on whether the task involves recall or
reasoning. We analyzed activations for all 530,432 neurons
across 28 layers. In total, 163,058 neurons (30.74%) showed
statistically significant task-specific differences, satisfying
both a large effect size criterion (d > 1.0) and a stringent
Bonferroni-corrected significance threshold (p < 0.0001).
These results provide strong evidence that task-specific se-
lectivity emerges at the granularity of individual MLP units.

Layer-Wise Distribution - Task-specific neurons were
not uniformly distributed across layers. Certain layers con-
tained disproportionately high densities of specialized neu-
rons. For example, Layer 4 contained 11,857 task-specific
neurons (62.59% of the layer’s units), indicating the ex-
istence of localized processing hubs for recall and rea-
soning. Layer-wise distributions revealed distinct peaks in
task-specificity at particular depths, suggesting that special-
ization is structurally organized rather than evenly spread
across the network.

Cross-Validation Robustness - To test robustness, we
evaluated the top 50 most task-specific neurons under 5-



Figure 1: Effect size heatmap showing recall vs. reasoning
differences across 28 layers.

Figure 2: Layer specialization counts from single-fold analy-
sis (recall, reasoning, mixed).

Figure 3: Distribution of recall- and reasoning-specialized
layers across the network.

Figure 4: Histogram of effect sizes for specialized attention
heads.

fold cross-validation. Consistency was perfect: all 50 neu-
rons (100%) retained their task-preference classification (re-
call or reasoning) across all folds. This result, illustrated in
Figure 7, confirms that the observed specializations are sta-
ble across resampled datasets and not artifacts of a particular
split.

Activation Profiles - Detailed inspection of the top neu-
rons revealed sharp differences in firing probabilities across
tasks. As shown in Figure 8, recall-preferring neurons were
highly active during recall tasks and minimally responsive
during reasoning tasks, whereas reasoning-preferring neu-
rons displayed the inverse profile. Many of these neurons
exhibited near-binary activation patterns, strongly firing for
one task type while remaining effectively silent for the other,
providing clear evidence of functional specialization.

Nearly one-third of all MLP neurons thus demonstrated
robust, statistically significant task-specificity. The presence
of dense clusters in certain layers, combined with 100%
cross-validation stability and near-binary firing profiles, pro-
vides compelling evidence that MLP neurons encode task
preference in a fine-grained, interpretable, and reproducible
manner.

Limitations
Our analysis is subject to some limitations. First, all ex-
periments were conducted on a single model (Qwen2.5-7B-
Instruct), so generalization to other architectures or training
paradigms remains untested. Second, the recall–reasoning
dataset was restricted to geography-based facts with simple
two-step reasoning, which may not capture the full spectrum
of reasoning tasks. Third, while we observed strong cor-
relational evidence of specialization, causal validation was
limited by technical constraints on head ablations. Finally,
our analysis focused on layers, heads, and neurons indepen-
dently, leaving higher-order interactions between these com-
ponents outside the present scope.

Future Work
Cross-Architecture Validation. Future work should inves-
tigate whether circuit specialization patterns identified in
Qwen2.5-7B-Instruct generalize across different model ar-
chitectures, sizes, and training paradigms. This research di-
rection, corresponding to our original hypothesis, would es-
tablish whether recall–reasoning specialization represents a



Figure 5: Top 15 specialized heads ranked by average effect
size, showing strongest recall vs. reasoning preferences.

Figure 6: Distribution of specialized heads across layers, with
higher concentrations in early layers (0–4).

Figure 7: Task preference consistency for top 20 neurons.

fundamental property of transformer-based language mod-
els or an artifact of specific architectural choices.

Causal Intervention Studies. Developing robust inter-
vention methodologies to causally validate the functional
roles of identified circuits remains a critical priority. Fu-
ture studies should implement systematic activation patch-
ing, circuit ablation, and targeted fine-tuning experiments
to demonstrate that interventions on specialized circuits se-
lectively impair corresponding capabilities, thus providing
stronger causal support for the specialization hypothesis.

Conclusion
For the Layer Specialization Hypothesis (H1), we ob-
served significant and robust differences in activation pat-
terns between recall and reasoning tasks across many lay-
ers. Cross-validation confirmed that these specialized lay-
ers were consistently identified, showing that the differenti-
ation is a stable property of the model’s processing. Recall-
specialized layers were more numerous and broadly dis-
tributed, whereas reasoning-specialized layers were fewer
and concentrated, suggesting asymmetric allocation of rep-
resentational resources.

The Attention Head Specialization Hypothesis (H2)
was also strongly supported. Even under strict statisti-
cal controls and high effect size thresholds, many atten-

Figure 8: Task-specific activation probabilities for top 20
neurons.

tion heads exhibited consistent specialization across mul-
tiple attention metrics. This indicates that layer-level ef-
fects are mediated in part by fine-grained head-level roles.
While causal validation through ablation was inconclusive,
the statistical evidence provides robust correlational support
that some heads preferentially encode recall-related signals
while others specialize in reasoning computations.

Extending further, the MLP Neuron Task-Specificity
Hypothesis (H3) showed that nearly one-third of the
530,432 neurons analyzed exhibited significant task-specific
activation. These neurons were not evenly distributed, with
certain layers containing dense hubs of specialized units.
The top neurons maintained 100% task-preference consis-
tency across cross-validation folds, and many displayed
near-binary firing patterns, strongly activating for one task
type while remaining silent for the other.

Taken together, these findings establish that Qwen 2.5-
7B-Instruct develops hierarchically organized specializa-
tion spanning layers, heads, and neurons. This multi-scale
differentiation is statistically robust, reproducible under
cross-validation, and interpretable as localized processing
hubs. Identifying such components provides concrete an-
chors for mechanistic interpretability and points toward op-



portunities for causal probing, targeted interventions, and
architectural modifications to better understand and guide
model behavior in recall versus reasoning tasks.
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