Pre prints.org

Article Not peer-reviewed version

Mechanistic Interpretability of LLM
Behavior: A Survey

Priya Pitre : ,Jun Hou, Ziyu Yao , Naren Ramakrishnan , Xuan Wang

Posted Date: 26 October 2026

Keywords: mechanistic interpretability; LLM behaviors; cross-paper findings; survey

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC, OpenAlex.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.



https://sciprofiles.com/profile/5723244
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Preprints.org | NOT PEER-REVIEWED | Posted: 26 October 2026 https://doi.orag/10.20944/preprints202610.2446.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article
Mechanistic Interpretability of LLM Behavior:
A Survey

Priya Pitre '*, Jun Hou!, Ziyu Yao?, Naren Ramakrishnan ! and Xuan Wang !

Virginia Tech, Blacksburg, VA, USA
2 George Mason University, Fairfax, VA, USA

*  Correspondence: priyapitre@vt.edu

Abstract

Mechanistic interpretability seeks to explain how internal computations produce large language model
behaviors, yet findings remain fragmented across methods and behavioral domains. We survey
229 papers across five behavior families: epistemic, linguistic, reasoning, safety, and social behaviors.
We introduce a framework distinguishing five levels of mechanistic evidence, from decodability to
generalization. Our cross-behavior synthesis reveals recurring mechanisms, distinctions between
representation and causal control, and limitations of existing explanations. We conclude by identifying
gaps in understanding computational roles, behavioral interactions, and generalization to interactive
and agentic settings.

Keywords: mechanistic interpretability; LLM behaviors; cross-paper findings; survey

1. Introduction

Large language models (LLMs) exhibit behaviors that are increasingly difficult to understand from
their outputs alone. A model may know that a statement is false but still produce it, recognize that a
request is harmful but fail to refuse it, or shift its answer toward a user’s stated belief despite internally
representing contradictory information. Behavioral evaluation can reveal when these failures occur,
but not why they occur inside the model.

Mechanistic interpretability (MI) aims to explain model behavior by studying its internal represen-
tations and computations. Recent work has identified internal signals associated with factual knowl-
edge, truthfulness, reasoning, and refusal, and shown that intervening on these signals can change
outputs [1-4]. These results suggest that high-level behaviors have identifiable internal structure.
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Figure 1. Our framework. LLM behavior families (left) are assessed by mechanistic evidence strength (center) and
synthesized into cross-behavior patterns (right).

s). Distributed under a Creative Commons CC BY license.



https://doi.org/10.20944/preprints202610.2446.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org | NOT PEER-REVIEWED | Posted: 26 October 2026

However, as the literature has grown, it has become less clear what counts as a mechanistic
explanation. A linear probe may show that information is available, but not that the model uses it.
Neurons or attention heads associated with a behavior may not explain the computation producing
it. Likewise, activation steering may change a behavior without establishing whether the direction
reflects the mechanism normally used by the model. Findings described as “mechanistic” therefore
span different levels of evidence [5,6].

This creates a broader problem for understanding LLM behavior. Results about the same behavior
are often distributed across different interpretability methods, while closely related behaviors are
studied in separate literatures. Refusal is studied separately from harmfulness, hallucination from
uncertainty and knowledge, and sycophancy from truthfulness and agreement. As a result, it is
difficult to determine whether these behaviors rely on distinct mechanisms, shared representations, or
interactions between internal signals. A behavior-centric view helps bring these findings together by
organizing the literature around the behavior being explained rather than the method used.

We provide a behavior-centric survey of mechanistic interpretability in LLMs, reviewing
229 papers across five behavior families: linguistic and semantic, reasoning and cognitive, epistemic,
social and affective, and safety and alignment behaviors. Literature selection methodology is described
in Appendix A. We additionally discuss emerging work on multi-agent and interactive settings. We
compare findings across methods, examine mechanistic evidence for each behavior, and identify
connections between related behaviors.

Related Surveys.

Existing surveys organize mechanistic interpretability around methods, research tasks, and causal
analysis. Some provide practical overviews of localization, steering, and actionable interventions [6-9],
while others focus on sparse autoencoders, component descriptions, or specific capabilities [10-14].
Safety- and alignment-focused surveys examine mechanistic explanations and interventions for model
alignment [15,16]. Related methodological work examines causal validity and activation-patching
choices [17,18]. In contrast, we organize studies by the behaviors being explained and compare the
strength of their mechanistic evidence across methods, allowing us to identify disagreements, shared
computations, and gaps across behaviors.

2. From Behavior to Mechanistic Evidence

Mechanistic interpretability connects behavior to internal components, including neurons, sparse
features, attention heads, MLPs, layers, activation directions, and circuits [19-21]. We organize
evidence into five dimensions: decodability, localization, causal involvement, computational role, and
generalization. Building on distinctions between representational and causal evidence [6,17,22], this
framework distinguishes what studies establish, from available information to causal computations
and their generalization.

Decodability.

Decodability asks whether behavior-related information can be recovered from activations using
probes, classifiers, Patchscopes [23], LatentQA [24], or activation oracles [25]. Studies have decoded
truth-related information from hidden states [2,26]. Decoding establishes information availability, not
necessarily its use in producing behavior.

Localization.

Localization identifies where relevant information or computation resides, such as neurons,
features, heads, or layers. Studies have localized factual knowledge to neurons [19], identified
sparse features [20], examined attention heads involved in computations [21], and studied concept
geometry [27]. Although localization can involve probing, it establishes where information is found
rather than only whether it is recoverable.
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Causal Involvement.

Causal involvement tests whether interventions on internal components change behavior, using
methods such as causal mediation analysis [28] and interchange interventions [29]. Encoded informa-
tion need not causally drive behavior [30], and successful intervention does not necessarily explain the
underlying computation.

Computational Role.

Computational role explains how components interact to produce behavior. Circuit analyses, for
example, have identified attention heads implementing indirect object identification in GPT-2 [21].
This goes beyond locating or manipulating components to explaining their computation.

Generalization.

Generalization tests whether explanations hold across prompts, tasks, datasets, or models, since
interpretations may fail out of distribution [31]. Unlike the other dimensions, it measures the scope of
an explanation rather than a separate internal mechanism. An additional question is whether mecha-
nisms identified in language models transfer to multimodal models, where cross-modal representations
and interactions may introduce different computations [32].

3. Findings Across LLM Behaviors

We review mechanistic findings across five behavior families, comparing their evidence, recurring
results, and unresolved questions.

3.1. Epistemic Behaviors

Epistemic behaviors concern how models represent and use truth, correctness, and their own
reliability. Decodability is better established than full mechanistic explanation: internal states reveal
correctness, but how these signals produce behavior remains less clear.

For truthfulness and factuality, correctness is recoverable from hidden states, heads, FFN activa-
tions, and sparse features, and steering can change factual outputs [3,26,33-35]. However, signals can
reflect polarity and transfer weakens across prompts or tasks requiring additional computation [36-38].
This supports causal truth-related signals, but not a universal truth representation.

For uncertainty and confidence, internal states predict correctness before generation and partly
overlap with answer-producing computations [39-41]. Yet confidence can be steered to increase
decisiveness without improving accuracy [42]. Estimating correctness is therefore distinct from
willingness to answer.

For hallucination, internal states distinguish factual from hallucinated outputs [35,43,44]. Errors
can arise from weak retrieval, failed selection, or competing contextual and parametric signals [45-47];
incorrect associations can even resemble factual recall [48]. Hallucination therefore reflects different
internal failures, not one mechanism.

For knowledge recognition, models can predict whether they know an answer [49], yet correct
information may be internally available despite incorrect outputs [50,51]. Stored, retrieved, and
expressed knowledge are distinct.

Together, these findings separate representation, retrieval, evaluation, and expression, explaining
why decodability does not imply a complete computational account.

3.2. Linguistic and Semantic Behaviors

Linguistic behaviors provide strong causal and partial computational explanations, although
generalization remains limited.

For syntax and grammatical structure, information is distributed across layers but mediated by
neurons, heads, and sparse features [21,52-54]. Circuits detect repeated tokens, transmit grammatical
information, inhibit alternatives, and select outputs [21,55]. The computation appears more stable
than its components, which differ across models and languages [41,56,57].
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For semantic and factual information, MLPs and FFNs enrich subject representations, while
attention retrieves and routes information to outputs [1,19,58,59]. Storage, retrieval, and expression
involve different components, explaining differences in localization, although these components may
not transfer across tasks [51,60].

For entity and relational binding, retrieval uses position, entity identity, and target pointers. Cir-
cuits separate position detection, transmission, retrieval, and suppression [61-64]. Some components
recur across tasks [55], but the mechanism varies with context.

For multilingual behavior, shared conceptual representations coexist with language-specific
features that control generation language [65-68]. Studies suggest language-specific inputs, shared
intermediate states, and language-specific outputs [69,70]. Yet localization differs, and language control
does not guarantee cross-lingual transfer [68,71,72]. Controlling expression differs from representing
shared content.

3.3. Reasoning and Cognitive Behaviors

Mechanistic studies identify intermediate representations and causal information flow, but rea-
soning does not reduce to one general circuit.

For in-context learning, induction heads match patterns and copy continuations [73,74],
while function-vector heads, label states, and sparse features represent tasks and causally affect
performance [75-77]. The findings differ because induction heads mainly affect token prediction,
while function-vector heads more strongly affect few-shot accuracy in larger tested models [78]. ICL
combines matching and copying with task recognition and execution [79,80].

For arithmetic and numerical reasoning, attention routes operands, while MLPs and sparse neu-
rons contribute answer information [81-84]. Arithmetic can rely on overlapping heuristics rather than
a single algorithm [82,85]; counting tasks also reveal causally manipulable numerical states [86-88].
These suggest specialized numerical mechanisms.

For multi-hop and chain-of-thought reasoning, two-hop circuits resolve bridge entities,
propagate information, and retrieve targets; delayed or persistent intermediate states can cause
failures [89-91]. CoT activations causally affect answers [92,93], while latent reasoning states
can be decoded and edited [94]. This does not establish that written CoT faithfully reflects
internal computation.

For planning and supporting cognitive processes, future actions are decodable, but causal
evidence for complete internal plans is limited [95,96]. Retrieval heads have stronger causal support,
moving context into outputs when repeated access is needed [97]. The main gap is generalization
beyond controlled tasks.

3.4. Safety and Alignment Behaviors

Safety studies show strong causal control, but steering does not imply complete mechanistic
explanation.

For refusal, one activation direction can causally control refusal [98,99], while other work finds
multidimensional representations and multiple effective directions [100,101]. One strong control
point does not imply a one-dimensional representation. Over-refusal also uses partly distinct,
task-dependent features [102,103].

Harm recognition and refusal policy are partly separate: harmfulness can be represented
before alignment, while later states influence refusal [104,105]. Distinct signals for harmfulness and
willingness to answer [106,107] help explain why models sometimes recognize harm but still comply.

For jailbreaks, attacks often suppress harmfulness or refusal signals, and steering changes attack
success [108-111]. Yet some attacks work through alternative or distributed pathways without such
suppression [112,113], while framing can move queries into ambiguous internal regions [114]. No
single mechanism explains all jailbreaks.

For truthfulness, deception, and sycophancy, truth-related features are causally steerable [3,34,115],
whereas deception is mainly decodable, with domain-sensitive signals that transfer poorly [116-118]. Syco-
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phancy has stronger causal evidence, but agreement, belief-conditioned agreement, and praise can involve
separate representations [119-121]. Neither deception nor sycophancy has one established mechanism.

For instruction following, directions causally control output constraints [122], while multi-layer
interventions reveal interactions with later task processing [123]. Thus, simple control directions can
participate in complex computation.

3.5. Social and Affective Behaviors

Social and affective behaviors are often decodable and steerable, but their representations are
distributed and interconnected.

For personality and persona, directions predict and change traits [124-126]. Yet traits overlap,
steering one affects others, and relevant neurons vary with context [127,128]. Opposing traits may
reuse components but change their information flow [129]. Simple directions therefore control
distributed computations.

For emotion, early work found a causal sentiment unit [130], while later studies find distributed
pathways and representations organized by valence and arousal [131-133]. Processing appears
staged, from detecting emotional salience to identifying specific emotions [134]. Attention and
FFNs contribute causally [135], but components vary across models and datasets [136], explaining
localization differences.

For social cognition and attitudes, beliefs, desires, and intentions are decodable and affected
by intervention [137], while empathy directions transfer poorly across models [138]. Political fea-
tures causally change ideological framing, with general and topic-specific components [139,140], but
changing framing need not change voting choices [141].

For values, culture, and bias, features can shift moral values, cultural judgments, and
stereotypes [142-145]. These representations do not always match human categories, and values
remain coupled [146,147]. Culture neurons are localized differently across methods [148,149], making
localization task- and method-dependent.

For demographic bias, gender information can be more localized than race information [150],
while steerable race features need not explain bias in realistic decisions [151]. Gender features can
support both occupational bias and pronoun prediction [152]. Removing bias-related features can
therefore disrupt useful behavior.

Overall, these findings reach causal involvement more often than full computational explanation,
especially across contexts and models.

3.6. Multi-Agent and Interactive Behaviors

Mechanistic work on multi-agent systems is still emerging. For peer pressure and sycophancy,
activation patching localizes answer corruption to mid-layer components, suggesting that peer pressure
suppresses reasoning features rather than activating a separate sycophancy circuit [153]. Other studies
identify agent-specific activation subspaces that causally control internalized debate behavior [154],
while learned representations can steer cooperative and competitive behavior [155]. Related work on
latent communication shows that agents can exchange hidden representations directly, with studies
examining hidden-state alignment and information transfer across communication channels [156-158].
Together, these findings provide early evidence for internal representations involved in multi-agent
interactions [159].

4. Cross-Behavior Mechanistic Synthesis

Across behavior families, mechanistic studies reveal differences between what models rep-
resent and how they use it. Simple interventions can affect distributed computations, similar
behaviors can rely on different mechanisms, and human-defined categories may not reflect in-
ternal organization [4,78,120,142]. These patterns help explain behavioral failures and differences
across studies.
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4.1. From Internal Information to Behavior
Available information does not always become correct behavior.

Across epistemic, reasoning, and safety behaviors, models can represent useful information
without using it correctly. Hallucination can arise from weak retrieval, competition between contextual
and parametric information, or incorrect selection [45,46,48,160]. Models may encode correctness
signals before answering but fail to use them for abstention [39,42,161]. In multi-hop reasoning,
intermediate results may form too late or be routed incorrectly [89,90,162]. Failures can therefore reflect
how information is retrieved, selected, or used rather than its absence.

Models often detect the character of their output before producing it.

Behavior-relevant signals can emerge before the behavior itself. Hidden states can predict
correctness or distinguish hallucinated outputs before generation completes; harmfulness can be
separable before refusal and alignment; and future actions can sometimes be decoded before
generation [39,43,95,104]. This reveals a gap between detecting information and acting on it.

Knowing is not the same as using. Improving detection alone may be insufficient. Interven-
tions may need to target how internal signals influence decisions, not only whether those signals
are present.

Recognition and behavioral decisions can be separate.

Models can recognize harmfulness before refusal-related states emerge, while alignment changes
how this information affects refusal or compliance [104,163]. Similarly, user beliefs can influence
answers under sycophancy even when contradictory information remains available [119,164]. What
controls a response can therefore differ from what the model represents.

Representing, executing, and expressing a behavior can involve different operations.

In-context learning separates induction-head pattern matching and copying from function-vector
task recognition and execution [73,75]. These mechanisms affect next-token prediction and few-
shot accuracy differently, explaining why studies may identify different components [78]. Similarly,
multilingual models can share semantic representations while controlling output language separately,
so language steering need not improve cross-lingual transfer [66,68,71]. Changing one stage need not
affect the others.

4.2. How Behavioral Mechanisms Are Organized
Compact control can act on distributed mechanisms.

Low-dimensional directions can steer refusal, personality, truthfulness, and language choice
despite their distributed or multidimensional representations [3,4,124,165]. A single direction
can suppress refusal even when its representation spans multiple dimensions and varies across
models [100,101]. Effective control therefore need not reveal the full underlying computation.

Steering success is not completeness. A reliable intervention identifies a way to control
behavior, but does not necessarily explain how the model normally produces it.

Different behaviors reuse operations, often in sequences.

Syntax, factual recall, binding, in-context learning, and reasoning reuse matching, copying,
retrieval, routing, suppression, and selection [21,55,58]. These operations form sequences: factual recall
enriches associations before answer routing, multi-hop reasoning passes intermediate results, and
safety connects harm recognition to response policy [58,89]. Studies may identify different components
because they examine different stages of the same behavior.
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Desirable and undesirable behaviors can share components.

Gender features involved in occupational bias also support pronoun prediction [166]; safety
and helpfulness neurons overlap [105]; and long-context retrieval heads also support chain-of-
thought performance [97]. Removing a causal component may therefore affect capabilities beyond the
targeted behavior.

Selective removal may involve a mechanistic tradeoff. When desirable and undesirable
behaviors share components, suppressing one can disrupt the other. Better localization alone may
not resolve this overlap.

Computational roles can persist as components change.

Similar syntactic and circuit functions recur across languages, models, and training runs even
when individual neurons or heads differ [141,167,168]. Generalization should therefore test causal
roles, not only component identities. Representations and effects can also change across conversations
and agent trajectories, limiting static localization [128,169].

Mechanistic depth depends on behavioral scope.

Detailed circuits exist for narrow tasks such as induction, indirect-object identification, and factual
retrieval. Broader behaviors such as hallucination, personality, and safety involve more interacting
processes and contexts, making complete explanations harder [45,112,170]. Mechanistic understanding
therefore varies with behavioral complexity and scope.

4.3. Why Mechanistic Findings Differ Across Studies
Behavioral labels can group different mechanisms.

Hallucination can involve retrieval, grounding, or selection failures; sycophancy can involve
agreement, belief-conditioned agreement, or praise; and in-context learning combines copying and
task execution [75,120]. Appropriate refusal, over-refusal, and jailbreak susceptibility may also involve
different safety processes [103,112]. A shared label does not guarantee a shared mechanism.

Representation geometry need not follow human-defined categories.

Representations of moral foundations, values, and personality do not necessarily match their
human-defined taxonomies [127,142,146]. Emotions can organize by valence and arousal rather than
discrete categories, while truth directions vary across tasks [36,38,132,133]. Failed generalization may
therefore reflect the behavioral label rather than the representation.

Behavioral labels may be the wrong unit Human-defined categories may separate shared
mechanisms or combine distinct ones. Mechanistic analysis may need to derive behavioral units
from internal computations rather than assume them from labels.

Different evidence can reveal different parts of a mechanism.

Probing identifies recoverable information, steering tests causal influence, and circuit analysis
examines component interactions [5,6]. Studies measuring next-token prediction versus few-shot
accuracy, or correctness prediction versus willingness to answer, may identify different components
because they test different processes [42,78]. Their findings need not conflict.

Training can change how existing representations are used.

Reasoning signals can predate reasoning fine-tuning, and harmfulness information can predate
safety alignment. Training may change how these representations influence behavior or strengthen
existing mechanisms rather than replace them [63]. Conversely, suppressed information may remain
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recoverable, and removed capabilities can sometimes be restored [171]. Behavioral emergence need
not imply new representations, and suppression need not imply deletion.

Suppression is not deletion. Recoverable information may allow suppressed behaviors to
reappear. Behavioral success after alignment does not establish that a capability has been removed
or that suppression will remain robust.

Generalization depends on what is being tested.

Truth directions can fail across reasoning tasks, language steering may not improve cross-lingual
transfer, social representations can shift with context, and circuit components may differ across
models [36,38,68,128]. Representations, causal effects, and computational roles may generalize differ-
ently and must be tested separately.

Overall, behavior depends not only on represented information but on how internal operations
select, transform, and use it. Mechanistic explanations must connect these operations to behavioral
outcomes while distinguishing general patterns from setting-specific findings.

5. Open Problems and Research Agenda

Behavior-centered mechanistic interpretability must move beyond identifying individual com-
ponents toward explaining how mechanisms interact, evolve, and generalize. Several broad
problems remain.

From behavioral labels to mechanistic constructs.

Human-defined behavioral categories can group distinct internal mechanisms. Hallucination
may involve failures of retrieval, selection, or source competition; sycophancy includes different forms
of agreement; and refusal and over-refusal may involve different processes. Future work should
identify mechanistically meaningful subtypes of behavior rather than assuming that behavioral
labels correspond to distinct mechanisms.

From individual components to meaningful units of explanation.

Studies analyze neurons, attention heads, sparse features, and activation directions, but the right
units for explaining behavior remain unclear. Sparse features, for example, may not provide a unique
or complete decomposition. Future work should determine when mechanisms are best explained
through individual features, distributed representations, circuits, or their interactions.

From internal signals to complete behavioral mechanisms.

Representations and control points are increasingly identifiable, but the computations connecting
them to behavior remain less understood. This gap appears between harmfulness and refusal, un-
certainty and abstention, factual knowledge and expression, and reasoning states and final decisions.
Future work should trace how information is represented, routed, transformed, and selected, while
distinguishing causal control from the computation normally used by the model.

From isolated behaviors to interacting behavioral systems.

Behaviors are usually studied separately even though their mechanisms can interact. Truth-related
information may compete with agreement in sycophancy, uncertainty affects hallucination and absten-
tion, and persona can influence social and safety behavior. Future work should determine whether
behaviors use independent mechanisms, shared representations, or common decision processes, which
may also explain unintended effects of steering.

From static mechanisms to multi-turn and evolving behavior.

Most studies focus on single prompts or forward passes, although persona, beliefs, uncertainty,
and reasoning can change across interactions. Models also become less reliable when information is
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distributed across turns [172]. Future work should track how representations and causal relationships
evolve across reasoning stages, conversation turns, long contexts, and memory states.

From language models to agents and multi-agent systems.

Agents involve repeated observation, reasoning, action, and feedback, so failures may originate
several steps before becoming visible. Existing MI methods provide only partial explanations of these
trajectories, motivating methods that trace plans and internal states across layers and timesteps [173].
Multi-agent systems add influence, belief propagation, communication, and consensus, raising the
question of how one agent’s internal states affect others and collective behavior [159].

From final checkpoints to the formation of mechanisms.

Most findings describe finished models, leaving how mechanisms form during training less
understood. Training may create representations, strengthen existing ones, change their routing, or
connect them to new behavioral policies. Model diffing and training-time analysis can help distinguish
these changes [174-176] and explain how training changes internal computations.

From local discoveries to general and validated mechanisms.

Mechanisms found in controlled settings may not generalize across prompts, tasks, languages,
models, or training regimes, and similar functions may be implemented by different neurons or
attention heads. Future work should test generalization at the levels of representation, causal effect, and
computational function. Explanations should also be evaluated for faithfulness and completeness,
including whether they make predictions beyond the discovery setting [177,178]. Scaling to larger
models and naturalistic tasks will also require automated methods with validated causal effects and
manageable computational cost.

Together, these problems point toward explanations that connect internal representations to behav-
ior, capture interactions and changes over time, and remain valid across models and realistic settings.

6. Conclusions

We surveyed mechanistic interpretability across LLM behaviors, identifying recurring gaps
between internal representations, causal control, and computational explanations. Our synthesis
shows that behavioral labels can hide distinct mechanisms, while different behaviors may share
computations. Future work should explain how these mechanisms interact, evolve, and generalize
across realistic settings.

7. Limitations

First, although we review 229 papers, the rapidly growing mechanistic interpretability literature
means that some recent or emerging work may not be included. Second, our organization into five
behavior families is not exhaustive, and some studies span multiple categories. These boundaries are
intended to support comparison rather than imply that behaviors have distinct underlying mechanisms.
Third, our assessment of mechanistic evidence is qualitative. The five evidence dimensions provide
a common framework for comparing studies, but differences in models, tasks, evaluation settings,
and intervention methods make direct comparisons difficult. Our review focuses on language-model
behaviors and does not systematically cover multimodal foundation models. Consequently, the
extent to which the identified representations, causal effects, and computational roles generalize
across modalities remains outside the scope of this survey. Finally, the surveyed literature is largely
concentrated on controlled tasks and individual models, limiting the conclusions that can be drawn
about mechanisms in realistic, multi-turn, and agentic settings.

8. Ethical Considerations and Reproducibility

Mechanistic interpretability can support model auditing, debugging, and safer deployment, but
the same techniques can also be used to manipulate model behavior. Methods that identify or steer
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internal representations may enable the suppression of safety mechanisms, stronger jailbreaks, or
targeted changes to social and behavioral traits. Mechanistic findings may also create a false sense of
assurance if localized or steerable components are treated as complete explanations of model behavior.
This is particularly important for behaviors such as bias, personality, values, and safety, where
interventions may affect related capabilities or encode assumptions from human-defined behavioral
categories. We therefore treat mechanistic explanations as evidence about internal computation rather
than guarantees of model safety or reliability.

Reproducibility remains challenging because results often depend on the model, checkpoint,
prompt distribution, dataset, intervention method, and evaluation metric. Many studies also use
proprietary models or release only partial code or activation data, making exact replication difficult. To
make our own synthesis reproducible, we describe our literature search, inclusion criteria, study coding
procedure, and mechanistic evidence definitions in Appendix A. However, because the literature is
rapidly evolving, the reviewed corpus should be viewed as a snapshot of work available through
September 2026 rather than an exhaustive or permanently fixed collection.

Appendix A. Literature Selection and Study Coding Methodology
Literature Search.

We collected research papers on mechanistic interpretability of language models from compu-
tational linguistics and machine learning conferences, including ACL, EMNLP, NAACL, NeurlPs,
ICLR, and ICML, as well as relevant workshops and preprints. The search covered work available
through September 2026, with particular emphasis on studies published since 2023, reflecting the rapid
growth of mechanistic interpretability research during this period. Earlier foundational studies were
also included where relevant. We used combinations of general search terms, including “mechanistic

s i a

interpretability,” “activation patching,” “causal tracing,” “circuit analysis,” “knowledge neurons,”

7o

“sparse autoencoders,” “representation engineering,” and “activation steering.” These were combined

7o 7o 7

with behavior-specific keywords such as “truthfulness,” “hallucination,” “uncertainty,” “reasoning,”

” o

“refusal,” “jailbreak,” “sycophancy,” “personality,” and “multilinguality.” We also examined references
from relevant papers and existing surveys to identify additional studies. Technical reports and research
published outside traditional conference proceedings, including research blogs such as LessWrong and
Anthropic’s interpretability publications, were also considered. This process produced a final corpus

of 229 papers.

Inclusion and Exclusion Criteria.

We included studies that investigate internal representations, components, or computations of
language models and connect them to identifiable behaviors or capabilities. Eligible studies used
methods such as probing, activation analysis, causal interventions, feature analysis, or circuit tracing to
examine how behavior-related information is represented or processed. We excluded studies focusing
exclusively on behavioral evaluation, prompting, or output-level explanations without analyzing
model internals. General interpretability methods were included when they provided evidence
relevant to a behavior covered by the survey. We retained studies with partial mechanistic evidence,
since distinguishing incomplete explanations from stronger causal or computational accounts is a
central goal of our framework.

Paper Screening.

Papers were screened for relevance to mechanistic interpretability and the behavioral scope of
this survey. Titles and abstracts were examined to identify potentially relevant studies, followed by
inspection of their methods, experiments, and findings. The screening considered whether a paper
investigated an internal model quantity, connected it to a specific behavior, and provided evidence
relevant to at least one dimension of our framework. Studies spanning multiple behavioral categories
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were retained rather than restricted to a single category. Duplicate records and studies outside the
survey scope were excluded.

Study Coding.

Each included study was examined along four aspects: (1) the behavior being investigated, (2) the
internal unit of analysis, (3) the interpretability method employed, and (4) the mechanistic evidence
established. We recorded the primary behavioral phenomenon and assigned it to one or more of five
families: epistemic, linguistic and semantic, reasoning and cognitive, safety and alignment, and social
and affective behaviors. Studies of emerging multi-agent and interactive behaviors were additionally
identified. Units of analysis included neurons, sparse features, attention heads, MLPs, residual-stream
states, activation directions or subspaces, and circuits or computational pathways. The interpretability
method was recorded separately from the conclusions supported by its experiments. When a paper
investigated multiple behaviors or reported distinct experiments, evidence was assessed separately for
the relevant behavior-specific findings rather than assigning a single mechanistic evidence level to the
entire paper.

Mechanistic Evidence Assignment.

We assessed each study using the five evidence dimensions introduced in Section 2. Decodability
was assigned when behavior-related information could be recovered from internal states. Localization
required identifying internal components or regions associated with the information or computation.
Causal involvement required experimental interventions showing that changes to internal components
affect the target behavior. Computational role required evidence explaining how components interact,
transform, route, or select information to produce behavior. Generalization was recorded when a
representation, causal effect, or proposed computation was evaluated across prompts, tasks, datasets,
languages, models, or other settings beyond its original discovery conditions. These assignments
were based on experimental findings rather than the terminology used by the authors. Studies could
support multiple evidence dimensions, and partial or setting-specific evidence was distinguished from
broader mechanistic claims.

Coding Consistency.

To maintain consistency, evidence assignments followed the criteria above rather than the methods
used or the authors’ descriptions of their findings. For example, successful activation steering was
treated as evidence of causal involvement, but not necessarily an explanation of the computation
normally producing the behavior. Similarly, identifying a behavior-related neuron or feature did not
establish its causal role without intervention. Studies could satisfy multiple evidence dimensions, and
ambiguous findings were assessed conservatively based on the experiments reported. For behavior-
level comparisons, we recorded the strongest evidence established in the literature while distinguishing
partial explanations from broadly supported mechanisms. Generalization was considered separately
because it measures the scope of an explanation rather than a distinct internal computation.

LLM-Assisted Verification.

Study coding and evidence assessment were conducted by the researcher through examination
of the original papers. LLM-generated summaries of research questions, methods, interventions,
and findings were used as supplementary checks to identify potentially overlooked evidence or
inconsistencies in interpretation. The summaries were compared against the original studies, with
final classifications and interpretations determined by the researcher. LLM outputs were used only to
support the review process, not as independent evidence for mechanistic claims. This use of LLMs as
supporting tools is consistent with prior work on LLM-assisted annotation [179,180].
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Cross-Study Synthesis.

After coding, findings were organized within each behavior family and compared across studies
addressing related phenomena. We examined where different methods supported similar conclusions,
where findings diverged, and whether differences could be explained by the behavioral definition,
model, experimental setting, or strength of evidence. We then compared findings across behavior
families to identify recurring computations, shared representations, behavioral interactions, and limi-
tations in mechanistic understanding. The summary tables report the strongest evidence established
for each behavior in the surveyed literature, rather than implying that every study reaches that level.
Generalization was considered separately when assessing how broadly an explanation was supported.

Behavior Family Organization.

We organize studies into five families based on the primary behavioral phenomenon being ex-
plained, rather than assuming that each family corresponds to a distinct internal mechanism. Epistemic
behaviors concern factual correctness, knowledge, and uncertainty; linguistic and semantic behaviors
concern language structure, meaning, and expression; reasoning and cognitive behaviors concern
intermediate computation, inference, and planning; safety and alignment behaviors concern compli-
ance, refusal, and adherence to behavioral constraints; and social and affective behaviors concern
interpersonal responses, attitudes, and traits. These boundaries are not mutually exclusive. For
example, hallucination can involve reasoning failures, but is grouped under epistemic behavior when
the main question concerns factual correctness or knowledge use. Similarly, instruction following can
involve linguistic processing, but is considered under safety and alignment when the study examines
compliance with instructions or constraints. Studies spanning several behaviors were assigned to mul-
tiple relevant categories. This organization supports comparison across related behavioral questions
without implying that the underlying mechanisms are independent.

Evaluating Mechanistic Explanations.

Our evidence framework distinguishes the type of mechanistic claim established by a study, but
does not treat reaching a higher evidence dimension as sufficient for a complete explanation. We
additionally consider the faithfulness, completeness, and specificity of reported findings. Faithfulness
concerns whether the proposed mechanism reflects computations actually used by the model, rather
than an intervention that merely changes its output. Completeness concerns whether the identified
components and interactions explain the relevant behavior or only part of it. Specificity concerns
whether interventions affect the targeted behavior without broadly disrupting unrelated computations.
These properties depend on experimental design, including intervention controls, evaluation metrics,
and tests beyond the discovery setting [6,17,18]. We therefore distinguish successful behavioral
control from explanations of the model’s normal computation and avoid treating localized or causally
influential components as complete mechanisms without further evidence.

Quantitative Analysis of Mechanistic Evidence

We analyzed the distribution of mechanistic evidence across 229 annotated study records.
Figure A1 summarizes the evidence established across the reviewed literature. Decodability was
fully supported in 132 records, localization in 26, and causal involvement in 135. In contrast, computa-
tional role was classified as partial in 214 records, with no records coded as establishing a complete
computational explanation. These results suggest that identifying and causally manipulating behavior-
related representations is more common than fully explaining the computations that produce behavior.

The distribution also differs across behavioral families (Figure A2). Causal involvement was most
frequently supported in social and affective (33 records), safety and alignment (32), linguistic (31),
and reasoning (27) behaviors, compared with epistemic behaviors (9). However, these counts also
reflect differences in the number of studies covering each family. The analysis therefore describes the
coverage and strength of evidence in the surveyed literature rather than the prevalence of mechanisms
in language models.
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Figure Al. Distribution of mechanistic evidence across 229 annotated study records. Evidence is classified
as fully supported (Yes), partially supported (Partial), or not established or unclear (No/unclear). The gen-
eral mechanism category reflects whether a broader mechanism was established, rather than the framework’s
generalization dimension.
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Figure A2. Causal involvement across behavior families. Bars show the number of annotated records with full,
partial, or unsupported causal evidence. Differences in total records across families should be considered when

comparing coverage.

Appendix B. Detailed Explanations for Behaviors and Findings
Appendix B.1. Epistemic Behaviors

For truthfulness and factuality, the literature suggests that models often internally distinguish
correct from incorrect content, but not through a single universal representation of truth. Truth-related
information is recoverable from hidden states, attention heads, FFN activations, activation geometry,
and sparse features, often most clearly in intermediate layers [3,26,33-35,181]. These representations
can also influence generation: intervening on truth-associated activations can increase or decrease
factual outputs [3,34,35,182,183]. However, what is encoded appears to depend on the task. Directions
that separate simple true and false statements do not always transfer when correctness requires
arithmetic, counting, logical transformation, or different prompts, and some early “truth” signals
instead track properties such as statement polarity [36-38]. Strong but incorrect factual associations
can also resemble correct recall internally, suggesting that some apparent truth signals may partly
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reflect knowledge retrieval rather than correctness itself [48]. Overall, the evidence supports usable
and sometimes causally effective information about correctness, but suggests that “truth” is better
viewed as a family of task-dependent internal signals than as a single model-wide variable.

For uncertainty and confidence, models appear to encode information about whether an answer
is likely to be correct, but confidence is not simply another name for correctness. Answer success can
be predicted from internal states before generation and, in some settings, more accurately after an
answer has been produced [39,161]. Causal analyses further suggest that these uncertainty signals
partly overlap with the computation used to produce the answer: interventions that change answer
correctness often produce corresponding changes in internally decoded confidence [41]. Other work
finds useful uncertainty information in the stability of hidden states under perturbation and in task-
relevant attention-head activations during in-context learning [184,185]. At the same time, confidence
itself can be manipulated independently of correctness. Steering sparse middle-layer activations can
make models more decisive and less likely to abstain without reliably making their answers more
accurate [42], while adaptive methods use internal confidence to choose between answering and
abstaining [183]. Behavioral measures such as semantic entropy and verbalized uncertainty also do
not always align with factual accuracy [186-188]. Thus, the literature suggests that uncertainty and
confidence reflect several related signals—including expected correctness, representational stability,
and willingness to answer—rather than a single internal quantity.

For hallucination, internal states often contain enough information to distinguish factual from
hallucinated generations, but the literature does not support a single mechanism that produces hallu-
cinations. Hallucination-related signals can be decoded from final-token hidden states, claim-level
representations, and layerwise hidden-state dynamics [35,37,43,44]. More detailed analyses suggest
that errors can arise at different stages of information processing. In factual recall, relevant knowledge
may fail to become sufficiently represented in MLP activations, or it may be represented but not
selected by later attention mechanisms [45]; other work finds that correct answers tend to show sharper
internal activation patterns over relevant context [189]. In retrieval-augmented settings, hallucina-
tions are associated with weaker use of external context and stronger contribution from parametric
knowledge [46], while structured and irrelevant contexts can introduce competition between different
information sources or pathways [47,190,191]. Importantly, strong but incorrect parametric associations
can look similar to correct factual recall internally, whereas hallucinations without such associations
are easier to distinguish [48]. Failures can also occur when fact-associated neurons are not sufficiently
activated during retrieval [51]. Together, these results suggest that hallucination is better understood
as a collection of failures in retrieval, selection, grounding, and information competition than as a
single internal “hallucination state.”

For knowledge recognition, the literature suggests that models can often internally distinguish
questions they are likely to answer correctly from those outside their effective knowledge boundary.
Answerability and future correctness can be decoded from hidden states before generation, particularly
from intermediate-layer representations [39,161]. Similar structure also appears across languages:
knowledge-boundary signals are partly shared across language-specific representation spaces and can
transfer more effectively after simple geometric alignment [49]. However, knowing and answering are
not equivalent. Correct answers can remain among highly ranked output candidates even when the
model ultimately produces an incorrect or uninformative response [50], and factual recall depends on
whether relevant knowledge-associated neurons are sufficiently activated [51]. Conversely, a strongly
retrieved association can still be wrong, producing internal patterns similar to successful recall [43].
These findings support a distinction between knowledge that is stored, knowledge that is accessible
in the current context, and knowledge that is ultimately expressed in the output [40]. Thus, incorrect
generation should not be treated as direct evidence that the model lacks the relevant information.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202610.2446.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org | NOT PEER-REVIEWED | Posted: 26 October 2026

15 of 44

Table A1. Current position of epistemic behaviors in our mechanistic-evidence hierarchy. The “strongest evidence

reached” column summarizes the highest level supported by existing work; later stages may be supported only

partially or in restricted settings.

Behavior Strongest evi- What is established Where the literature gets stuck
dence reached
Truthfulness Causal involve- Correctness is decodable The computational role remains un-
ment from several internal rep- clear: successful steering does not
resentations, and steering show how truth is computed, and
truth-associated activations  truth-related directions do not gen-
can change factual outputs. eralize consistently across tasks and
prompts.
Uncertainty Causal involve- Correctness-related uncer- The main gap is computational role:
ment tainty is decodable before it is unclear how expected correctness,
generation, and interven- uncertainty, and expressed confidence
tions show overlap with interact, or whether they share one
answer-producing compu- mechanism.
tation. Confidence-related
activations can also causally
affect decisiveness and ab-
stention.
Hallucination Partial computa- Mechanistic studies iden- There is no general mechanism: dif-
tional role tify several causal failure ferent settings produce hallucinations
points, including weak through different internal processes,
retrieval, failed selection, and some hallucinations remain diffi-
poor grounding, and cult to distinguish from correct recall.
competition between infor-
mation sources.
Knowledge Decodability =/ Answerability and future The literature has not established a
recognition limited causal correctness are decodable general computational role: it remains
evidence before generation, and unclear how stored knowledge be-

comes accessible, retrieved, and ulti-
mately expressed.

some interventions can re-
cover or suppress available
factual information.

Appendix B.2. Linguistic and Semantic Behaviors

For syntax and grammatical structure, mechanistic work shows that grammatical information is
distributed across the network but can depend on smaller sets of functionally important components.
Subject number, agreement, animacy, and competing parses are recoverable from neurons, attention
heads, residual-stream states, and sparse features, and interventions on these representations can
change grammatical predictions [52-54,65,167,192,193]. Some tasks have been traced further. In
indirect-object identification, different attention heads detect repeated tokens, transmit positional
information, suppress incorrect candidates, and copy the selected name to the output [21]. Similar
functional organization appears across languages and related models, even when the exact components
differ [56,167]. This distinction is important: syntax appears to reuse types of computation more
consistently than individual neurons or heads. Syntactic specialization increases during training, yet
highly syntax-sensitive neuron identities can differ substantially across random seeds, while agreement-
related units show only partial overlap across constructions and languages [54,54,57,194]. Thus,
current evidence supports reusable grammatical computations without implying a single universal
syntax circuit.

Mechanistic studies also give some insight into how syntactic structure develops and is used.
Sparse-feature analyses of garden-path sentences find that models can simultaneously represent com-
peting parses, while targeted feature interventions shift which continuation is preferred; however, the
same features contribute little to later comprehension questions, suggesting that syntactic representa-
tions are not necessarily reused across tasks [53]. Training studies similarly suggest that grammatical
structure becomes increasingly differentiated with exposure and scale [57]. Work on synthetic gram-
mars finds parallel learning of grammar substructures and persistent difficulty with deeper recursion,
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but does not localize or causally establish an internal grammar algorithm [195]. Formal-language
pretraining can leave reusable attention-head subnetworks that later support natural-language gram-
maticality, although what those heads compute is not established [196]. Semantic information can
also influence structure choice: animacy representations causally affect active—passive preferences
through residual states and opposing attention-head effects [192]. Similar neuron interventions affect
some psycholinguistic behaviors, such as sound-gender association and implicit causality, but not
others [168]. Together, these findings place syntax beyond simple decodability and into causal and par-
tial computational explanation, while the main unresolved question is how stable these computations
are across tasks, models, and training runs.

For semantic and factual information, the clearest mechanistic pattern is a staged process of repre-
sentation, enrichment, routing, and selection. Early work localized individual factual associations to FFN
neurons and showed that suppressing, amplifying, or editing them changes factual predictions [19].
Causal tracing similarly identified middle-layer MLP activity at subject positions as important for
factual recall and editing [1]. Later work refines this picture: early or middle MLP updates enrich the
subject representation with candidate attributes, relation information reaches the prediction position,
and upper-layer attention helps select and promote the requested attribute [58]. Neuron-level analyses
likewise distinguish shallower “query” units from deeper units that directly promote answer tokens,
although the proposed information flow is only partly causally established [197]. Other studies identify
mover heads, MLP amplification or suppression, and later output control as additional stages of factual
retrieval [59,198]. These findings help reconcile an apparent disagreement in the literature: the
component where a fact can be edited is not necessarily the complete mechanism by which that fact
is retrieved and expressed.

This staged account is also not universal. A memory-promoting attention head can strongly
control country—capital recall yet fail to transfer to a broader factual dataset, showing that appar-
ently interpretable mechanisms may be domain-specific [60]. In multi-hop reasoning, activating
fact-associated neurons improves some incorrect answers and suppressing them harms many correct
ones, while chain-of-thought prompting is associated with stronger activation of the relevant facts;
nevertheless, correct answers can still occur through apparent shortcut pathways [51]. Factual neurons
can also overlap across languages and provide useful targets for multilingual editing, but successful
editing does not reliably transfer to reasoning over the edited fact [199]. Sparse circuit methods further
decompose some MLP computations into interpretable features, but remain approximations rather
than complete circuits [166]. A related pattern appears in conceptual definition tasks, where MLP
activity is associated with content-level concept information while attention and later hidden states
increasingly integrate information toward the final prediction [200]. Overall, factual and semantic
work provides substantial causal evidence and partial computational roles, but not a single storage
or retrieval mechanism that applies to all knowledge.

For entity and relational binding, mechanistic work suggests that retrieval relies on several
complementary internal signals. Entity and relation indices can be decoded from low-dimensional
middle-layer subspaces, and steering these indices changes which bound attribute is retrieved [61].
Other work finds that models combine at least three signals during in-context retrieval: a positional
index of the relevant group, a lexical pointer to the queried entity, and a more direct pointer to the
target entity [62]. Their relative importance changes with context position, which argues against a
single positional addressing mechanism. A more component-level analysis of entity tracking identi-
fies attention-head groups involved in detecting the correct position, transmitting that position, and
fetching the associated value; fine-tuning improves performance largely by strengthening this existing
mechanism rather than replacing it [63]. Selection can also involve suppression: copy-suppression
heads detect an already-supported contextual token and write against its output direction when
copying it would be harmful [64]. Across tasks, some of these motifs are reused: selection-and-copying
components overlap strongly between indirect-object identification and colored-object retrieval, al-
though other tasks rely on different circuits and exact head identities become less stable at larger
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scales [55]. Binding therefore has relatively strong causal and functional evidence, but no single
retrieval algorithm explains all contexts.

For multilingual behavior, the literature supports a combination of shared representations and
language-specific control. Morphosyntactic properties can be encoded in overlapping dimensions or
sparse features across languages, with greater sharing often found between linguistically similar
languages [54,65]. Activation patching further shows that concept information can be transferred
across languages while allowing the surrounding model computation to express that concept in
another language [66]. Representational analyses similarly find increasing cross-language semantic
alignment in parts of the network [69]. At the same time, language identity can be localized to selective
FEN neurons, hidden-state dimensions, or SAE features, and manipulating these representations
can steer the language of generation [67,71,72,165,201-203]. Thus, shared semantic information and
language-specific representations coexist rather than forming competing explanations.

There is, however, disagreement about where language-specific processing occurs. Some neuron
studies find strong specialization in both early and late layers [67,71], whereas others find language-
sensitive neurons or sparse features concentrated mainly in middle-to-late or late layers [72,165,202].
Cross-layer feature tracing provides a possible reconciliation: early layers can retain language-specific
input information, middle layers contain more shared multilingual features, and later layers again
become language-specific as the model realizes the output language [204]. Language-confusion errors
are consistent with the final part of this account: correct generations show a late shift toward target-
language predictions, while confused generations often fail to make this transition [70]. However, the
broader “shared semantic middle” account is still only partly causal. Parameter-ablation work identi-
fies core multilingual and language-specific regions that are important for language modeling, but
does not establish what computation those regions perform [205]. Moreover, manipulating language-
specific neurons successfully controls output language but does not reliably improve cross-lingual task
transfer [68]. This is an important qualification: a representation that controls the language of expres-
sion is not necessarily the representation that supports cross-lingual reasoning or task transfer.

Across linguistic and semantic behaviors, a common picture emerges: distributed information is
often acted on through more localized routing and control mechanisms. Syntax circuits detect and
propagate grammatical information; factual recall enriches and routes candidate knowledge; binding
mechanisms select among contextual entities; and multilingual models separate, to varying degrees,
shared content from language-specific realization. The literature therefore frequently reaches causal
involvement and, for narrow tasks, partial computational roles. The main remaining bottleneck is
generalization: detailed mechanisms are often established for controlled tasks and particular models,
while the stability of the same computations across tasks, architectures, languages, and training runs
remains much less certain.
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Table A2. Current position of linguistic and semantic behaviors in our mechanistic-evidence framework.
“Strongest evidence reached” denotes the highest level supported in at least some studies; it does not imply

that all work within the behavior family reaches that level.

Behavior

Strongest evidence
reached

What is established

Where the literature gets
stuck

Syntax & grammar

Semantic & factual
recall

Entity & relational
binding

Multilingual behav-
ior

Partial
tional role

computa-

Partial
tional role

computa-

Partial
tional role

computa-

Causal involve-
ment / partial
computational role

Causal circuits and fea-
tures support operations
such as agreement track-
ing, duplicate detection,
inhibition, copying, and
parse selection.

Causal evidence sup-
ports a staged process
involving MLP/FFN
enrichment of factual
information  followed
by routing and selection
toward the output.

Position, entity identity,
relation information,
copying, and suppres-
sion have identifiable
causal roles in selecting
bound information.

Shared grammatical or
conceptual information
coexists with language-
specific neurons, dimen-
sions, and sparse fea-
tures that can causally

Similar functions recur across
settings, but the exact neu-
rons and heads vary across
models, languages, construc-
tions, and training runs. A
general syntax algorithm is
not established.

Studies localize different
stages to different compo-
nents. Storage, retrieval,
editing, and expression are
not yet unified into one
general mechanism, and
some identified components
are strongly domain-specific.
Different tasks and context
positions use different mix-
tures of these signals. Lower-
level circuits implementing
the proposed representations
remain incomplete.

The proposed shared-middle
/ language-specific-output
process is only partly causal,
layer localization differs
across studies, and language
control does not reliably

steer output language. imply cross-lingual task

transfer.

Appendix B.3. Reasoning and Cognitive Behaviors

For in-context learning (ICL), the literature increasingly suggests that there is no single mech-
anism underlying all forms of adaptation from context. Early work identified induction heads that
match the current input to earlier context and copy the associated continuation, with particularly strong
causal evidence in small attention-only models [73,74]. Later work separates this copying operation
from richer task learning. Task-conditioned information can be concentrated in function-vector heads
or sparse task features, and injecting these representations can cause models to perform the corre-
sponding task without the original demonstrations [75,77,206]. Classification studies further identify
a progression in which demonstration information is accumulated at label or answer positions and
later used to predict the query label [76,207-209]. More recent analyses separate this computation into
distinct stages: early processing increases task-relevant separability, later heads align representations
with output labels, and partially distinct head groups support task recognition and task learning [79,80].

These findings also resolve an important disagreement in the ICL literature. Induction heads
were initially proposed as a major mechanism for ICL, but later ablations show that, for few-shot
task accuracy in larger tested models, function-vector heads can matter substantially more than
“pure” induction heads; induction heads remain more important for context-dependent next-token
loss reduction [78]. Thus, different operational definitions of ICL can identify different mechanisms.
False demonstrations provide another example: correct and incorrect prompts behave similarly early
in processing, but late induction-like heads can retrieve and promote incorrect labels, causing the
model to “overthink” an initially correct prediction [210]. Induction itself also appears to contain
multiple routes: concept-induction heads support semantic transfer such as translation, while token-
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induction heads support verbatim copying [211]. ICL therefore appears to involve several reusable
operations—matching, aggregation, task recognition, routing, and execution—rather than one uni-
versal induction circuit. The literature reaches strong causal involvement and partial computational
roles, but the complete mechanism and its generalization beyond curated ICL tasks remain unresolved.

For arithmetic and numerical reasoning, several studies support a staged computation in which
input information is first represented or routed and later transformed into answer-related information.
Causal mediation finds that early MLP states carry operand- and operator-related information, inter-
mediate attention routes this information toward the prediction position, and later MLPs contribute
result-related information [81]. Detailed circuit analysis of greater-than behavior similarly finds at-
tention heads that relay the comparison value and later MLPs whose combined outputs favor larger
numbers [82]. However, the existence of structured numerical representations does not imply that
models implement a general arithmetic algorithm. In the greater-than circuit, removing linearly
extractable numerical structure does not eliminate the behavior, and the computation could reflect
learned lookup-like structure rather than abstract comparison [82]. Broader arithmetic work instead
finds sparse middle- and late-layer neurons associated with operand ranges, modular patterns, digit
properties, and other heuristics; targeted ablations show that these neurons causally contribute to the
corresponding arithmetic examples [85]. Related analyses identify operation-sensitive attention heads
and deeper answer-promoting FFN neurons, again supporting a distributed staged process rather than
a single arithmetic module [83].

Other numerical behaviors show related but distinct mechanisms. Successor heads use structured
numeric features, including mod-10-like representations, to promote the next element of ordinal
sequences, although these features explain only part of the head’s behavior [212]. Counting studies find
transferable latent count information that accumulates across item positions, with separators and final-
item states often carrying strong count signals [86]. Explicit decomposition can extend this computation:
partition-level counts are represented at boundary tokens, transferred into generated intermediate
counts, and then aggregated to produce a final answer [87]. Numerical-sequence extrapolation likewise
shows decodable first-difference representations and causal evidence for induction-like retrieval of
the next difference [88]. Across numerical tasks, causal evidence is strong, but the computational
picture favors multiple task-specific heuristics, counters, and retrieval mechanisms over one general
numerical algorithm.

For multi-hop and compositional reasoning, a recurring finding is that intermediate answers
can exist internally before the final answer is produced. In factual two-hop questions, the first-hop
or bridge entity becomes recoverable in intermediate states, and suppressing this signal can reduce
the probability of the final answer [89,213]. More detailed tracing supports a sequential process: early
layers resolve the bridge entity, middle-layer attention propagates it toward the final position, and
later layers use it to retrieve the target answer [90]. Failures often occur when these stages are poorly
timed or coordinated. Incorrect cases tend to resolve intermediate entities later, and moving later
representations back to earlier layers can repair many failures [90]. Other work qualifies a simple “late
first hop” explanation: the second-hop machinery can still activate while high-layer representations
continue to over-promote the intermediate answer, motivating mechanisms that expose higher-layer
information to earlier computation [91]. Thus, multi-hop errors can arise from failure to form,
preserve, route, or appropriately suppress an intermediate result, rather than simply from absence of
the required facts.

Logical reasoning provides one of the clearest narrow circuit accounts. In controlled propositional
tasks, attention-head families causally support a sequence from query interpretation to relevant-rule
selection, fact processing, and final decision [214]. The broad functional stages recur across several
pretrained models, although exact circuitry changes with scale and a separately trained small model
uses a different implementation. Other automated circuit analyses also recover compact task-relevant
subgraphs and suggest progressive entity, relation, and decision processing, but the proposed reason-
ing stages are inferred from influence patterns rather than directly validated as computations [215].
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Multi-hop and logical reasoning therefore reach causal and partial computational explanations in
controlled settings, while generalization to longer, open-ended reasoning remains the major gap.

For chain-of-thought (CoT) and latent reasoning, current mechanistic evidence supports a
causal role for reasoning-conditioned internal states, but does not show that the visible rationale
faithfully describes the underlying computation. In a controlled ontology task, relation information is
recoverable in earlier and middle layers while later attention heads increasingly contribute to answer
writing through multiple pathways [216]. SAE analyses similarly find CoT-associated features whose
transfer into no-CoT runs can increase correct-answer likelihood in a larger tested model, but these
interventions do not establish that individual features correspond to particular written reasoning
steps [92]. Sequential patching provides stronger evidence that coordinated CoT-conditioned head
activity contributes to final-answer generation, yet the same heads also support grounding, answer-slot
binding, and arithmetic operations [93]. The causal representation is therefore not necessarily a
“reasoning-only” circuit.

Continuous latent reasoning strengthens the distinction between intermediate computation and
textual explanation. Latent reasoning states can be partially mapped to explicit CoT representations
and carry recoverable lexical information, while truncating or editing early latent states changes final
answers [94]. This supports genuine intermediate state representations, but still does not identify
the component-level algorithm operating over them. Across these studies, CoT changes internal
computation and can provide causally useful states, but current evidence does not establish step-
by-step faithfulness between generated rationales and the model’s internal reasoning process.

Finally, work on planning, retrieval, and capability reuse shows that reasoning depends on
supporting processes that should not themselves be mistaken for reasoning. In Blocksworld, future
actions can be decoded several steps before they are generated, but interventions mainly establish
that goal and history information affect later decisions rather than proving that the decoded future
actions constitute a causally used plan [95]. Training-based experiments provide stronger evidence
that future-token losses can teach models to precompute information for later positions, although
natural-language results leave open whether this reflects deliberate pre-caching or features already
useful for the current prediction [96]. Long-context retrieval is more directly localized: sparse retrieval
heads causally redirect relevant context into generation, and ablating them harms retrieval and CoT
performance [97]. This shows that reasoning can depend on specialized retrieval mechanisms without
implying that those heads perform the reasoning themselves. Fine-tuning provides a related distinction
between capability and expression: intermediate representations of pretrained procedural capabilities
can remain decodable after the behavior is suppressed, and pruning small sets of components can
sometimes restore the original capability [171]. Together, these results separate having a latent
capability, retrieving the information needed for it, planning future computation, and behaviorally
expressing the result.

Across reasoning behaviors, the strongest recurring pattern is staged computation. Information
is encoded, routed between positions, transformed into intermediate task or answer representations,
and finally converted into an output. Many narrow tasks now reach causal involvement and some
reach partial computational role. The main bottleneck is generalization: detailed mechanisms are
typically recovered for controlled tasks, while it remains unclear whether the same computations
explain open-ended reasoning across models, prompts, task complexity, and scale.
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Table A3. Current position of reasoning and cognitive behaviors in our mechanistic-evidence framework.
“Strongest evidence reached” describes the strongest evidence available in the literature, not the evidence level

reached by every study in the category.

Behavior Strongest evidence  What is established Where the literature gets stuck
reached
In-context learning Partial computational Causal evidence supports There is no single ICL mechanism:
role matching/copying, task-vector  induction-, function-vector-, and task-
transport, label-information  feature accounts depend on the behav-
aggregation, and partially  ior and metric being studied. The com-
separable task-recognition and  plete natural ICL circuit remains unre-
task-learning operations. solved.
Arithmetic & numerical ~ Partial computational  Attention routes numerical in- It remains unclear when these compo-
reasoning role formation while MLPs, neurons,  nents implement general algorithms
and latent counter-like states  versus overlapping learned heuris-
causally contribute to result for-  tics. Detailed mechanisms general-
mation, comparison, counting,  ize poorly beyond restricted numerical
and sequence continuation. formats and tasks.
Multi-hop & logical rea-  Partial computational Intermediate entities or results ~ The exact transformations within these
soning role can be decoded and causally  stages remain incomplete, and causal

Chain-of-thought & la-
tent reasoning

Planning & retrieval

Causal involvement / par-
tial computational role

Causal involvement

manipulated; controlled tasks
reveal stages for retrieval, prop-
agation, rule/fact selection, and
decision.

CoT-conditioned and latent in-
termediate states can causally
affect final answers, and la-
tent states contain recoverable
reasoning-related information.
Future information is some-
times decodable before genera-
tion, and specialized retrieval
mechanisms causally supply
context needed for later predic-
tions and reasoning.

circuits are largely restricted to short,
controlled reasoning problems.

Causal relevance does not establish
faithfulness: current work does not
show that textual CoT steps corre-
spond one-to-one with the internal
computations producing the answer.
Planning representations themselves
have weaker causal support. It re-
mains unclear whether decoded future
actions constitute an internally used
plan rather than correlated predictive
information.

Appendix B.4. Safety and Alignment Behaviors

For refusal, some of the strongest causal evidence in the safety literature comes from activation-
space interventions. A single harmful-versus-harmless residual-stream direction can be sufficient to
strongly suppress refusal when removed and induce refusal on harmless prompts when added, with
similar effects across several model families [98]. Related work recovers steerable refusal directions
even when behavioral outputs provide little contrast and finds that useful directions, layers, and
intervention strengths vary across models [99]. However, later studies challenge the interpretation that
refusal itself is one-dimensional. Refusal can instead be mediated by multiple independent directions
or a higher-dimensional cone, and suppressing several directions can have stronger effects than
removing the original one-dimensional direction [100,101]. Refusal-related information can also be
distributed across many activation dimensions even when a single dense direction provides effective
steering [217]. Training models while probabilistically removing a refusal direction can improve
robustness to several jailbreaks, but the resulting alternative safety mechanism has not itself been
mechanistically identified [218]. Thus, a low-dimensional intervention can be an effective causal
control point without establishing that the underlying refusal representation or computation is
itself one-dimensional.

This distinction becomes clearer for over-refusal. Appropriate harmful refusal can be compar-
atively well captured by a global direction, whereas inappropriate refusal of benign tasks is more
strongly conditioned on task identity and occupies higher-dimensional, task-specific geometry [102].
Task-aware centroid directions can therefore reduce over-refusal more selectively than global refusal
steering, although these representations are model-specific and do not transfer reliably [103]. Nonlinear
energy-based steering similarly separates desirable from undesirable response states and improves
benign compliance, but the learned energy surface is external to the model and does not establish its
native refusal mechanism [219]. Another account separates safety judgment from willingness to an-
swer: benign/toxic and answer/refuse labels are encoded along nearly orthogonal directions in several
models, and weight edits that align them improve both jailbreak and over-refusal metrics [107]. These
findings explain why weakening “refusal” globally can improve over-refusal while simultane-
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ously damaging safety: harmful refusal and task-conditioned over-refusal only partially share
a mechanism.

More broadly, safety alignment appears to separate recognizing harmful content from deciding
how to respond to it. Representation-engineering studies show that harmfulness, honesty, morality,
and other safety-related properties are linearly recoverable and steerable from distributed activa-
tions, although these directions are not complete explanations of the underlying computation [220].
Alignment training also modifies a sparse but distributed set of MLP neurons: patching activations
from a safety-aligned model into a less-aligned model can recover much of the safety behavior, while
substantial overlap between safety- and helpfulness-related neurons helps explain an alignment trade-
off [221]. Layerwise analyses suggest that harmful-versus-normal inputs become separable early,
including in base models, while alignment changes how these representations are associated with
refusal- or compliance-related states in intermediate layers [104]. Consistent with this separation,
safety information from an aligned source model can steer another model even when the target model
itself already represents harmful intent but does not reliably refuse [222].

Other studies reach a similar conclusion from different levels of analysis. Preference-associated
activation differences can be used to steer models toward broadly preferred outputs, but do not
isolate separate mechanisms for helpfulness, truthfulness, or harmlessness [223]. Unsafe-response
prediction improves when harmful-input recognition and likely compliance are modeled as separate
internal signals rather than as one “unsafe” variable [106]. Category-specific safety directions can steer
generation away from harmful content without always producing blanket refusals, although their
effects and utility trade-offs vary considerably across categories and models [224]. Harmfulness itself is
strongly decodable from middle-layer representations and sparse activation dimensions across several
models, including during generated reasoning, but these predictive dimensions have not been causally
linked to the model’s own safety decisions [225]. Together, these findings support a staged picture
of harm recognition — response policy — refusal or compliance, with stronger causal evidence for
controlling the later policy than for explaining how the full decision is computed.

For jailbreak susceptibility, several studies find that successful attacks alter the internal geometry
associated with harmfulness and refusal. Harmful prompts that jailbreak successfully often move
toward regions occupied by harmless prompts [226]; across many attack types, jailbreak-related direc-
tions share a common component that tends to oppose harmfulness representations, and removing this
harmfulness component weakens—but does not eliminate—their effects [108]. Learned perturbations
can similarly move malicious representations across a benign/malicious decision boundary [227].
Gradient-based attacks also appear to converge toward compliance-associated activation changes,
although this account is correlational because the proposed compliance direction itself is not inter-
vened on [228]. Activation patching provides stronger evidence for a middle-layer refusal “stance”
concentrated at influential token positions: replacing these states changes refusal-token probabilities,
and attacks targeting the same representation increase harmful compliance [109]. Learned low-rank
interventions can instead move jailbreak representations toward representations of harmful inputs
that the model normally rejects, substantially restoring refusal [110].

However, harmfulness or refusal suppression is not a complete explanation of jailbreaks.
Neuron-level work finds causal rejection-versus-compliance signals in selected MLP components [229],
and dynamically masking refusal-attributed hidden dimensions can increase harmful compliance [230].
Yet attribution-graph analysis finds that simple feature suppression does not distinguish successful
from failed attacks; in a narrow set of semantic jailbreaks, success is instead associated with changes
in computational pathways, and ablating the most emergent features fails to restore refusal [112].
Contextual reframing provides another observational mechanism: domain context can move harmful
queries into an intermediate “gray zone” and reduce attention to sensitive tokens, but no causal
intervention verifies that this produces the jailbreak [114]. Unlearning work similarly suggests that
jailbreaks can exploit distributed parameter pathways that differ from those used by direct harmful
prompts and converge only later toward harmful output semantics [113]. Steering-vector audits further
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show that unrelated behavioral steering can weaken safety when its activation direction conflicts with
refusal representations; removing a multidimensional refusal-aligned subspace mitigates these effects
more than removing a single direction [111]. Behavioral defense analysis also distinguishes broad
increases in refusal from better harmful-versus-benign discrimination, but does not localize either
process internally [231]. The emerging picture is therefore that many jailbreaks weaken safety-
relevant representations, but others can exploit alternative routing, context, or response-policy
pathways; there is no single jailbreak mechanism.

For truthfulness, honesty, and deception, the evidence is more uneven. Truth-related information
is decodable from selected attention heads and internal activations, and steering these signals can
improve or reduce factual outputs [3,34]. Adaptive intervention further shows that the best steering
strength varies across questions and that internal response states can help select between answering
and abstaining [183]. Honesty can also be shifted using depth-distributed activation directions derived
from honest-versus-dishonest examples [115]. These results establish causal control over truthful or
honest reporting, but do not identify a complete truth- or honesty-producing computation.

Evidence for deception mechanisms is substantially weaker. Under explicit instructions to
answer incorrectly, factual labels remain decodable while SAE features shift with the deceptive
instruction, but there is no causal evidence that these features produce the false answer [232]. Prompted
deceptive arguments are also linearly decodable from middle-layer states and appear distributed over
many directions [116]. Trajectory-level analyses find different geometric signatures for sycophancy,
confabulation, and strategic or instructed deception, but these signatures vary strongly across models
and can disappear entirely for instructed lies [118]. Stress-testing deception probes further finds
strong in-distribution decoding but poor cross-domain and stylistic robustness, with no evidence for a
single statistically stable low-dimensional deception subspace [117]. Activation explainers can recover
useful evidence for strategic deception from reasoning-model states, but again without showing that
the decoded information causes the behavior [163]. Even near-perfect separability after fine-tuning
on incorrect responses establishes primarily that the training conditions produce distinguishable
representations, not that the model contains a general dishonesty mechanism [233]. Thus, truthfulness
has reached causal steering, whereas deception research remains dominated by decodability and
detection; evidence for a causal deception mechanism is still limited.

For sycophancy, mechanistic work increasingly rejects a single monolithic representation. User-
provided incorrect opinions can alter the normal development of a correct-answer preference in
later layers, and interventions on the identified states can shift the resulting answer [164]. A sparse
set of middle-layer attention heads also carries particularly strong sycophancy signals, and steer-
ing those heads can change whether the model reverses a previously correct answer after user
disagreement [119]. However, different forms of sycophancy separate internally. Generic agreement
and sycophantic agreement can begin similarly and then diverge in middle layers, while excessive
praise occupies a more distinct direction; targeted subspace interventions can selectively change
one behavior while preserving the others [120]. Even factual and opinion sycophancy show model-
dependent overlap: their directions are highly aligned in one tested model but substantially more
distinct in another [121]. Reasoning adds another dynamic component: CoT can either reduce or
amplify sycophantic answer preference over the course of generation, although these trajectory find-
ings remain correlational [169]. Sycophancy therefore appears to be a family of agreement- and
user-conditioning mechanisms rather than one behavior with one internal direction.

Finally, instruction following provides a broader alignment perspective. Contrastive instruction
directions can causally steer format, length, and lexical constraints, even when the corresponding
instruction is absent from the prompt [122]. More detailed patching finds that task identity is strongly
linearly decodable from instruction-token representations and that patching multiple layers can
have superadditive effects on downstream answers [123]. This creates another useful distinction: a
representation can be linearly simple while its causal effect is not additive. In a reasoning model,
harmfulness, refusal, and a separate prompt-CoT “scrutiny” signal peak at different depths; steering
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the scrutiny signal changes deliberation and can interact with supplied reasoning to alter refusal [234].
This suggests that safety in reasoning models may depend not only on harmfulness detection or refusal
states but also on how internal reasoning is coupled to the final policy.

Across safety and alignment behaviors, the literature repeatedly separates recognition from
response: models may represent harmfulness, truth, user beliefs, or instructions without necessarily
acting on that information in the aligned way. Many behaviors now reach causal involvement through
activation steering, patching, ablation, or weight editing. Yet the main mechanistic gap is the next step:
identifying the computation that converts these representations into context-appropriate behavior.
Refusal directions, jailbreak vectors, safety neurons, deception probes, and sycophancy subspaces are
often powerful control or detection variables, but causal controllability should not be equated with a
complete computational mechanism.

Table A4. Current position of safety and alignment behaviors in our mechanistic-evidence framework. “Strongest
evidence reached” describes the strongest evidence reported in at least some studies and does not imply that

every paper within the behavior family reaches that level.

Behavior

Strongest evidence

reached

What is established

Where the literature gets stuck

Refusal & over-refusal

Harm recognition &
safety alignment

Jailbreak susceptibility

Truthfulness & honesty

Deception

Sycophancy

Instruction following

Causal involvement / par-
tial computational role

Causal involvement

Causal involvement / par-
tial computational role

Causal involvement

Decodability

Causal involvement / par-
tial computational role

Partial
role

computational

Refusal-associated directions
and subspaces can causally
induce or suppress refusal.
Harmful refusal and over-
refusal have partly different,
task-conditioned geometry.
Harmfulness is strongly decod-
able, and alignment changes
distributed neurons and rep-
resentations whose manipu-
lation alters safety behavior.
Harm recognition and willing-
ness to comply can be partly
separable.

Many attacks causally interact
with harmfulness-, refusal-, or
compliance-related states, and
interventions on these states
can alter jailbreak success.
Truth- and honesty-associated
internal representations are de-
codable and can be steered to
change reported answers or
honesty-related behavior.
Prompted or labeled decep-
tion is often detectable from
residual-stream states, multi-
ple linear directions, or activa-
tion trajectories.

User influence and answer
reversal are decodable and
causally steerable, with some
attention heads and residual
subspaces contributing to the
behavior.

Instruction information is de-
codable and causally affects an-
swers; instruction states can
steer constraints and multi-
layer representations have su-
peradditive downstream ef-
fects.

A strong one-dimensional control di-
rection does not establish a one-
dimensional mechanism. The com-
putation combining harmfulness, task
context, and refusal policy remains un-
resolved.

The field has not established how
harmfulness representations are trans-
formed into a context-appropriate re-
sponse policy, or how this computa-
tion changes across alignment meth-
ods.

No single account explains all attacks.
Harmfulness suppression is important
but insufficient; alternative routing,
contextual ambiguity, and distributed
paths also appear relevant.

Steering does not identify the com-
putation that determines when rep-
resented information is faithfully ex-
pressed, and generalization remains
task- and model-dependent.

Probe signals can reflect task regime,
style, or answer correctness; cross-
domain transfer is weak and causal
interventions are largely absent. A
deception-producing mechanism is
not established.

Sycophancy decomposes into distinct
forms whose representations vary
across behaviors and models. A gen-
eral user-belief-to-answer computa-
tion has not been identified.

The proposed role of instruction repre-
sentations as selectors of later circuits
is only partly established, and cur-
rent evidence comes mainly from con-
trolled tasks and limited model fami-
lies.

Appendix B.5. Social and Affective Behaviors

For personality and persona, a recurring result is that broad behavioral tendencies can be
represented and controlled through relatively low-dimensional activation directions. Contrastive
persona vectors predict subsequent trait expression and causally increase or suppress behaviors
such as sycophancy, maliciousness, hallucination, and Big Five traits when added to residual-stream
activations [124,126,170]. A broader “Assistant Axis” similarly separates the model’s default assistant-
like behavior from alternative roles; moving away from this region increases role adoption and, in
some settings, harmful behavior, while activation capping can stabilize the default persona [125].
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Trait directions can also be composed and adapted to conversational context [126], and stable trait
estimates can be obtained from their activation-space projections even without causal intervention
[235,236]. These results provide strong evidence that persona-related behavior is decodable and
causally steerable, but the vectors are better understood as control directions than as complete
personality mechanisms.

Importantly, linearly steerable does not mean independently represented. Big Five directions
share substantial low-rank structure [170], and steering one trait systematically changes others even
after the directions are explicitly orthogonalized [127]. Situation-specific analyses further show that
the neuron sets associated with the same trait change across conversational contexts [128]. SAE
interventions identify smaller sets of trait-associated features, but their semantic specificity and causal
roles remain incomplete [237]. A broader trait audit likewise finds that some behaviors are naturally
expressed, some are readily steerable, and others are difficult to recover with a standard persona-vector
procedure; simultaneous trait steering can also produce non-additive or destructive interactions [238].
More detailed circuit analysis provides a possible reconciliation: opposing levels of a personality trait
can reuse many of the same nodes while differing more strongly in the edges connecting them, with
a few early MLPs acting as causal bottlenecks [129]. Thus, simple activation directions can control
personality expression even when the underlying implementation is distributed, context-dependent,
and interaction-heavy.

This distinction is also visible for more specific social traits. Steering a small set of SAE features
associated with Dark Triad behavior separately changes exploitation, callousness, aggression, and
moral-harm endorsement, while leaving measured strategic deception largely unchanged [239]. Indi-
vidual features have different behavioral profiles and combinations produce effects absent from single-
feature interventions, suggesting partially separable pathways rather than one antisocial-persona
mechanism. Personalization shows a similar pattern at a different level: sparse, user-specific attention-
head sets causally affect reference likelihood and personalized generation, but the selected heads differ
substantially across users [240]. These findings reinforce that social dispositions often have useful
low-dimensional control variables without sharing a single fixed circuit.

For sentiment and emotion, the literature spans some of the earliest highly localized findings to
recent distributed accounts. In a review-trained mLSTM, a single cell strongly tracks positive versus
negative sentiment and clamping it changes generated review polarity [130]. Modern Transformers
also contain approximately linear sentiment directions, but the computation is more distributed:
sentiment can be written into intermediate summary positions such as punctuation and later read
out by attention, and ablating the sentiment direction at these positions substantially reduces clas-
sification performance [131]. Contrast-derived activation vectors can similarly shift sentiment and
toxicity during generation [241]. The apparent difference between a single sentiment neuron and a
distributed sentiment pathway is therefore largely architectural rather than a direct contradiction:
both identify causally useful low-dimensional signals, but Transformer implementations distribute
their computation across representations and routing components.

For richer emotion inference, several studies find that emotional information becomes
strongly decodable around intermediate layers and that interventions there can change emotion
predictions [135,242]. Mid-layer attention appears to gather emotionally relevant information from
the prompt, followed by FFN processing, while appraisal-related directions can shift specific emotion
judgments [135]. However, individual “emotion neurons” form overlapping, distributed populations
and their ablation effects vary substantially by emotion and model [242]. Cross-dataset work similarly
finds strong residual-stream emotion decodability but limited overlap among individual emotion
neurons, suggesting that the representation is more stable than its exact unit-level realization [136].

Recent geometric analyses sharpen this picture. Emotion categories form structured internal
spaces organized partly by valence and arousal, and these spaces can transfer across datasets, models,
and sometimes languages [132,133,243]. Yet the dimensionality claims differ: some analyses recover a
compact low-dimensional affective subspace [132], while others find broadly similar valence—-arousal
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geometry embedded in a diffuse, higher-rank representation [133]. These are not necessarily incompat-
ible: a few dimensions may capture the dominant affective organization while the full representation
remains distributed. SAE analyses similarly identify compact feature subsets that predict human
affect ratings and causally steer emotional expression, without establishing a complete circuit [243].
Learned state-conditioned modulation can also steer sentiment and multiple emotion categories, but
because the controller is externally trained, it demonstrates controllability rather than the model’s
native emotion mechanism [244].

Another important distinction concerns emotion detection versus emotion categorization.
Emotional-versus-neutral content can become decodable very early, while identifying which emo-
tion is present peaks later and is more sensitive to lexical cues and model scale [134]. This offers
a useful explanation for apparently different layer-localization results across emotion studies: they
may probe different stages of the process. Related work finds that explicit emotion instructions can
determine how long emotion information remains visible through later layers [136]. In a frontier model,
emotion-concept directions evolve from local affective associations toward more context-integrated,
response-relevant representations and causally alter preferences, blackmail, reward hacking, syco-
phancy, and harshness [245]. Emotion representations therefore appear to participate not only
in emotion labeling, but also in later decision and response-policy computation, although the
mediating circuits remain unresolved.

For empathy and theory of mind, evidence is more mixed. Empathy-related examples are almost
perfectly linearly separable within several tested models, and steering their model-specific directions
changes empathy-related behavior [138]. However, the directions transfer poorly across models and
may partly capture reduced task focus rather than empathy itself, so the underlying construct remains
uncertain. For theory-of-mind-like false-belief tasks, perturbing a sparse set of task-sensitive parame-
ters—particularly query/key parameters associated with positional processing—reduces performance
relative to random perturbations [246]. Yet the same perturbation also affects contextual localization
and general language performance, making it difficult to interpret these parameters as a dedicated
belief-reasoning mechanism. CoSTOM instead finds belief, desire, and intention information decodable
mainly in shallow or shallow-to-middle layers and uses supervised activation-mediated training to
preserve this information and improve negotiation and persuasion behavior [137]. Thus, mental-state
information is clearly recoverable and can be made behaviorally useful, but a specific computation
for inferring another agent’s beliefs or intentions has not been isolated.

For political and social attitudes, ideology is strongly linearly recoverable from selected attention-
head activations. Probe directions trained on U.S. lawmakers generalize to news-media slant and
causally alter political framing in generated text [139]. Related interventions shift political-bias classi-
fications and neutral rewriting [141]. However, the same ideological direction does not uniformly
control all political behavior: simulated voting preferences are substantially less consistent under
intervention than discourse-level ideology judgments [141]. This suggests that ideological framing and
candidate choice share only part of their internal representation. Multilingual political-bias steering
similarly changes measured ideological outputs but varies substantially by model, language, and
ideological axis [140]. Neuron-level fine-tuning analysis further separates general political neurons
from topic-specific neurons; patching the former changes stance broadly across topics, while patching
the latter has more localized effects [247]. These findings provide causal evidence for both shared and
topic-specific political representations, but not a single general ideology mechanism.

For values and morality, many studies again find linear internal structure with causal steering
effects. Activation interventions can shift the ethical framing of moral reasoning toward duty- or
consequence-based arguments, although early work changes rationales more clearly than final de-
cisions [248]. Classifier-derived value vectors causally increase responses consistent with Schwartz
values across several model families [143], while SAE interventions reveal that features affecting one
value often influence several others [146]. Moral Foundations Theory provides a more structured
case: foundation-specific directions are decodable across many models, sparse features provide finer

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202610.2446.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org | NOT PEER-REVIEWED | Posted: 26 October 2026

27 of 44

semantic decomposition, and both dense and sparse interventions causally shift matched moral judg-
ments [142]. However, the internal geometry frequently does not reproduce the canonical human
grouping of moral foundations, indicating that successful value decoding should not be interpreted
as human-like moral structure.

Other work reaches similar conclusions. Bilingual moral directions can steer virtue-versus-vice
responses and safety behavior, but probe accuracy remains moderate and evidence is concentrated in
one model family [249]. Abstract value probes transfer to concrete event interpretation and decision
settings, and steering changes concrete value judgments, while abstract judgments themselves are
comparatively resistant [250]. This suggests a distinction between representing an abstract value
and using it in a decision. Cultural-value steering likewise reveals substantial coupling between
supposedly separate cultural axes [147]. Values therefore appear linearly accessible and causally
influential, but their representations are coupled, context-dependent, and not necessarily organized
according to the human taxonomies used to label them.

For culture, there is a notable disagreement over localization. Entropy-based neuron selection
finds culture-specific FEN neurons concentrated mainly in upper layers, with ablation increasing per-
plexity most strongly on the corresponding cultural corpus [148]. SAE analysis instead identifies sparse
cultural features and task-sensitive intermediate-layer bottlenecks whose ablation and steering affect
culturally conditioned question answering [251]. A separate gradient-attribution study finds sparse
culture-general and culture-specific neurons concentrated mainly in shallow-to-middle MLP layers
and reports weak effects when attempting to reproduce the upper-layer “pure culture neuron” account
under its own setup [149]. This is a genuine unresolved disagreement: different neuron-selection
methods, datasets, model variants, and behavioral endpoints identify different layers. The safest
conclusion is that culturally relevant information is causally distributed across sparse components,
while its precise localization remains method- and task-dependent.

For stereotypes and demographic bias, mechanistic evidence increasingly moves beyond output-
level bias measurement. Warmth and competence information is highly decodable from a sparse
set of attention heads, and steering those heads changes stereotype-related descriptions [145]. Other
work finds sparse attribution-selected “bias neurons” whose pruning improves bias benchmarks and
sometimes instruction robustness [252]. Gender-bias analyses identify lower-layer gender-associated
neurons, attention pathways that propagate their information, and deeper prediction components;
masking selected elements changes bias measures, although the detailed circuit is established mainly
through case studies [162]. Observable-propagation analysis provides stronger evidence for reuse: the
feature associated with gendered pronoun prediction is highly aligned with that used in occupational
gender bias, and steering the latter also changes pronoun predictions [152]. This reveals an impor-
tant alignment trade-off: a feature implicated in undesirable bias can also support a legitimate
linguistic behavior.

Healthcare studies provide another example of behavior-specific structure. Gender information
can be sharply localized to particular MLP activations and causally transferred into clinical generations,
whereas race representations are more distributed and often require multi-layer interventions [150].
SAE analysis identifies race-associated features that can change assigned race and some downstream
judgments, but ablating those features has little effect on several realistic clinical tasks [151]. Thus,
a controllable demographic representation is not necessarily the primary cause of downstream bias.
Finally, stereotype-pole directions derived from attention heads can qualitatively steer social-group
descriptions [253], but the current evidence is too limited to establish that these directions modify
underlying stereotypic beliefs rather than surface wording.

Across social and affective behaviors, a consistent distinction emerges between representation
and organization. Traits, emotions, values, attitudes, and stereotypes are often surprisingly easy to
decode and steer using simple directions, sparse features, or small component sets. Yet these same
behaviors frequently show cross-trait coupling, context dependence, multiple processing stages, and
model-specific implementations. The literature therefore often reaches causal involvement and, in
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a few controlled settings, partial computational role. The major unresolved questions are whether
these intervention targets correspond to the model’s naturally used computations and whether the
same mechanisms remain stable across contexts, models, cultures, languages, and more naturalistic
social interaction.

Table A5. Current position of social and affective behaviors in our mechanistic-evidence framework. “Strongest
evidence reached” denotes the strongest evidence available in at least some studies and does not imply that every
paper within the behavior family reaches that level.

Behavior

Strongest evidence

reached

What is established

Where the literature gets stuck

Personality & persona

Sentiment & emotion

Empathy & theory of
mind

Political & social atti-
tudes

Values & morality

Culture

Stereotypes & demo-
graphic bias

Partial computational
role

Partial computational
role

Causal involvement

Causal involvement /
partial computational
role

Causal involvement

Causal involvement

Causal involvement /
partial computational
role

Trait and persona infor-
mation is decodable and
causally steerable through
residual directions, sparse
features, neuron sets, and
compact circuits.

Sentiment and emotion are
strongly decodable; causal
interventions identify
emotion-relevant  direc-
tions, neurons, mid-layer
attention/FFN processing,
and information-routing
through intermediate
states.

Empathy- and BDI-related
information can be de-
coded, and interventions
can change empathy-
related generation or
strengthen = mental-state
information used in social
dialogue.

Ideological information is
decodable from attention
heads and neurons; steer-
ing changes political fram-
ing, while general and
topic-specific stance com-
ponents can be causally
separated.
Moral-foundation ~ and
value information is lin-
early recoverable, and
dense or sparse inter-
ventions causally change

value-consistent judg-
ments and choices.
Culture-associated neu-

rons and SAE features can
be localized, ablated, and
steered to change cultur-
ally conditioned prediction
or task performance.

Gender, race, warmth/-
competence, and other
bias-related information

can be localized to di-
rections, sparse features,
neurons, and attention
pathways whose interven-
tion changes outputs.

Linear control directions do not
imply independent traits. Traits
interact, vary across situations,
and can reuse components with
different routing. A general
computation producing persona-
consistent behavior is not estab-
lished.

Results range from single-unit
to distributed-manifold accounts.
Exact localization varies with
architecture, prompt, task, and
whether the study measures af-
fect detection, emotion catego-
rization, or generation.

Model-specific directions trans-
fer poorly, interventions can af-
fect broader contextual process-
ing, and no specific algorithm for
inferring another agent’s mental
state has been identified.

Effects do not generalize uni-
formly across political behaviors:
discourse framing transfers more
reliably than voting or candi-
date choice, and results depend
strongly on model and task.

Internal relationships among val-
ues often differ from human the-
oretical taxonomies, multiple val-
ues interact, and steering does
not reveal the computation un-
derlying moral or value-based
decisions.

Studies disagree on whether the
strongest culture-related compo-
nents lie in upper versus shallow-
to-middle layers. Localization
is sensitive to method, model,
dataset, and behavioral end-
point.

Controllable demographic fea-
tures do not always explain
downstream bias, mechanisms
differ across demographics, and
some bias-associated representa-
tions are reused for legitimate ca-
pabilities, complicating targeted
removal.
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