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Abstract

Mechanistic Interpretability (MI) has emerged
as a vital approach to demystify the opaque
decision-making of Large Language Models
(LLMs). However, existing reviews primarily
treat MI as an observational science, sum-
marizing analytical insights while lacking
a systematic framework for actionable
intervention. To bridge this gap, we present a
guide structured around the pipeline: “Locate,
Steer, and Improve.” We formally categorize
Localizing (diagnosis) and Steering (interven-
tion) methods based on specific Interpretable
Objects to establish a rigorous intervention
protocol. Furthermore, we demonstrate how
this framework enables tangible improvements
in Alignment, Capability, and Efficiency,
effectively operationalizing MI as a practical
engineering toolkit for model optimization.
The curated paper list of this work is available
at https://github.com/rattlesnakey/
Awesome-Actionable-MI-Survey.

1 Introduction

Large Language Models (LLMs) have achieved
remarkable success (Abdin et al., 2024; OpenAl
et al., 2024; Qwen et al., 2025), yet their internal

decision-making processes remain largely opaque.

This lack of transparency poses significant risks

and limits our ability to efficiently optimize them.

Mechanistic Interpretability (MI) has emerged as a
pivotal approach aiming to reverse-engineer these
models into understandable components. Given the

+ Equal contribution.
* Corresponding authors.

rapid growth of this field, recent reviews have sys-
tematized the literature from distinct perspectives.

A body of work focuses on the theoretical and
foundational aspects of MI (Riuker et al., 2023;
Allen-Zhu and Li, 2023; Ferrando et al., 2024;
Zhao et al., 2024a; Geiger et al., 2025; Gantla,
2025), providing technical roadmaps for dissecting
Transformer architectures. They primarily priori-
tize discovery—understanding the model’s inner
working mechanisms—and treat MI as an obser-
vational science, leaving practical applications un-
derexplored. Recognizing the practical potential
of MI, another line of works has begun to bridge
the gap between understanding and utilization, dis-
cussing how MI techniques can aid downstream
tasks or specific domains (Luo and Specia, 2024;
Wu et al., 2024a; Rai et al., 2024; Bereska and
Gavves, 2024; Lee et al., 2025).

However, these reviews face two main limita-
tions. First, they lack a sufficient categorization
and clear definition of MI methods in practical ap-
plication contexts. Second, their coverage of appli-
cations is often incomprehensive, and the illustra-
tion is typically too general, making it difficult for
readers to translate mechanistic insights into action-
able interventions. This gap is particularly critical
at the current stage of Al development. While the
rapid progress of LLMs has been predominantly
driven by external scaling factors, e.g., larger mod-
els, more data, and increased computational re-
sources, this paradigm for model improvement is
increasingly encountering bottlenecks. We argue
that further advancements must be refined through
a deeper understanding of internal mechanisms,
shifting the focus from simply scaling the “outside”
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Figure 1: Overview of the paper structure. It progresses from interpretable objects (§2) to methodologies ranging from localizing
(§3) to steering (§4), and finally illustrates applications for model improvement (§5). See Fig. 2 and 3 for the detailed outline.

to surgically improving the model from the “in-
side.” However, the field currently lacks a unified
guide that systematically categorizes these internal
methodologies and presents a concrete pipeline for
active model improvement.

To address these challenges, we propose the
“Locate, Steer, and Improve” pipeline, which
systematically transforms MI from passive
observation to actionable engineering through the
following contributions:

1) Pipeline-Driven Framework: We establish
a rigorous framework for applying MI. We first
define the Interpretable Objects within LLMs.
Based on the application pipeline, we categorize
methods into Localizing (diagnosis) and Steering
(Intervention). Crucially, we provide the Method-
ological Formulation, Applicable Objects and
Scope for each technique, helping readers quickly
understand its actionable implementation.

2) Comprehensive Application Paradigms:
We survey applications across three major themes:
Improve Alignment, Improve Capability, and
Improve Efficiency. Instead of providing a
general overview, we summarize representative
MI paradigms for each scenario. This approach
allows readers to quickly capture the distinct usage
patterns of MI in different application contexts.

3) Insights and Resources: We discuss chal-
lenges and future directions of applied MI research,

providing the community with a curated, method-
tagged collection of over 200 papers in Tab. 3.

2 Interpretable Objects of LLMs

Here, we formulate the interpretable objects, with
a focus on the decoder-only architecture—the pre-
dominant framework for contemporary LLMs.

Token Embedding The model entry point maps
discrete tokens to continuous vectors. We define
the Embedding Matrix as W g, € RIVIXdmosel where
|V| denotes the vocabulary size and dpyoder is the
hidden dimension. For a given token t;, its Token
Embedding (or the initial residual stream state) is
obtained by x) = W g|[t;] + p;, where p; denotes
the positional embedding.!

Transformer Block Typically, an LLM is com-
posed of L stacked layers, each consisting of an
MHA and an FFN block. The primary communi-
cation channel is Residual Stream State. Its update
dynamics at layer [ (x') are defined as’:

Xl,mid — Xl + hfum(xl) (1)
xl+1 — Xl,mid + héfn(xl,mid) (2)

where x"™d is the intermediate state after the MHA

block. This additive structure is crucial for MI
"Modern LLMs (e.g., Llama) typically apply Rotary Posi-

tional Embeddings (RoPE) directly to queries and keys.

For simplicity, we omit normalization from the equations,
as they are often ignored in high-level MI analyses.
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analysis, enabling the decomposition of the final
prediction into individual component contributions.
See Appendix D.1 for the details of stream flow.

Multi-Head Attention (MHA) MHA allows to-
kens to contextualize information from other po-
sitions via H independent heads. For a head
h, we define the learnable Weight Matrices as
Wgh, Wl[’{h, Wi}h € RmoderXdneas and the output
projection as Wé’)h € R%eaaxdmodel - The Attention
Score AL € RN*N is defined as:

(x' W) (W T
\Y dhead

AP = softmax

3)

attn
and the total block output is the sum over all heads

1 H L,h
hattn - h=1 hattn'

Feed-Forward Network (FFN) FFNs act as
position-wise feature transformers:

The head output is hl! = Al’h(lei}h)WZ’h,

héfn = U(Xhmidwlllp)wéown “)

where x“™¢ is the input to FFN, hléfn is output, o
is activation function.? The Wflp € Rémoder X it and
Wéown € Ré*dmoel of FEN are viewed as a Key-
Value dictionary (Geva et al., 2021, 2022). The
Neuron j is defined as an atomic unit comprised
of a pair of weights: key weight ké- (the j-th row
of the W) and value weight v, (the j-th column
of W/ . ). The intermediate s’ = a(xl’midelp)

down
denotes the Neuron Activation.

Sparse Autoencoder (SAE) Feature While in-
dividual internal objects (e.g., neuron activation
s!, or residual stream state x') in LLMs are often
polysemantic due to the phenomenon of superpo-
sition (Elhage et al., 2022), SAEs provide a prin-
cipled method to disentangle these representations
into monosemantic features (Bricken et al., 2023).
SAEs are trained in a layer-wise manner. For
instance, when applying an SAE to reconstruct x/,
the forward pass is defined as:
a= U(XlWenc+benc), )A(l = aWgec+bgec (5)
where Wepe € RimoeXdsaé and Wyee €
RsAEX dmodel are Jearnable weights (dsag > dimodel)-
The objective minimizes reconstruction error with
a sparsity penalty: £ = ||x! —x!||2 + \||a|1. Here,

*Modern LLM:s often use SwiGLU with a gating matrix
Wéme. For simplicity, we present the standard FFN here.

Object Notation
Token Embedding Embedding Matrix Wg
Token i Embedding (Input) x)
Residual Stream Residual Stream State x!
Intermediate State (Post-Attn) x-mid
Attention Q. K, V, O Weight Matrices W', Wi/ Wi/ W'
Attention Score Matrix Abh
Head Output hé“t‘n
MHA Block Output bl
FFN Up Projection (Key) Matrix Wi,
Down Projection (Value) Matrix Woun
FFN Block Output b,
Neuron Neuron Activation s!
j-th Neuron Key Weight K
j-th Neuron Value Weight v
SAE Feature j-th Feature f;
j-th Feature Activation aj

Table 1: The interpretable objects of LLMs and their mathe-
matical notations in this paper.

the SAE Feature f; (j-th row of W) represents
a distinct semantic direction, while the SAE Fea-
ture Activation a; (j-th element of a) quantifies its
activation strength in the input. See Appendix D.2
for more details about the SAE training procedure.

3 Localizing Methods

Localizing Methods aim to identify interpretable
objects responsible for specific behaviors, laying
the foundation for subsequent analysis and steering.

3.1 Magnitude Analysis

Methodological Formulation Magnitude Analy-
sis scores objects {0} (e.g., weights or activations)
via a scalar function s; = f(0;) to identify salient
candidates. Common metrics include the L,-norm
(s; = ||oj|lp) or max-value (s; = maxy [(05)])-
High-scoring elements (e.g., arg topk; s;) are se-
lected for further inspection or intervention.

Applicable Objects and Scope This method ap-
plies broadly to both static parameters and dynamic
representations. 1) For parameters, per-weight or
per-row norms are widely used to highlight out-
liers (Zhang et al., 2025a; An et al., 2025; Su
and Yuan, 2025). 2) For the latter, ranking Neu-
rons or SAE Features by activation norms helps
localize specialized features (Huben et al., 2024;
Tang et al., 2024b; Su et al., 2025d), while vector
norms of attention outputs (Hhilthtn| ) identify in-
fluential heads (Jin et al., 2025a; Bi et al., 2025).
Furthermore, measuring layer-wise distances re-
veals structural roles: comparing representations
across contrastive inputs (e.g., [|[x' — x'!||) lo-
calizes layers where task-specific information di-
verges most strongly (Chuang et al., 2024; Zhang
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et al., 2024c¢), whereas comparing consecutive lay-
ers (e.g., |x! — x!*1|)) identifies redundant compu-
tation (Elhoushi et al., 2024; Men et al., 2025).

The scope of Magnitude Analysis is charac-
terized as training-free but data-dependent: it
avoids training costs but relies on input data to filter
salient objects for subsequent analysis.

3.2 Causal Attribution

Methodological Formulation Causal Attribu-
tion identifies objects causally responsible for be-
havior by measuring the effect of interventions (Vig
et al., 2020). Let F'(-) denote a scalar model out-
put of interest (e.g., a target token logit), and let o
be an internal object defined in §2. The causal ef-
fect of object o is defined as AF' (o) = F(do(o +
0)) — F(o0), where the intervention do(-) typically
takes the form of Patching (swapping with a coun-
terfactual state) or Ablation (setting to zero). o
represents the modified state. Large |AF'(o)| indi-
cates that o is a critical mediator of the behavior.

Applicable Objects and Scope This analysis pri-
marily targets dynamic objects (e.g., X', héfn, hé}?n)
and circuit edges. Patching-based attribution re-
places an object computed from the original in-
put with one computed from a counterfactual in-
put to isolate specific information pathways. By
systematically patching across layers, one can lo-
calize where task-specific information (e.g., fac-
tual knowledge) is introduced (Meng et al., 2022,
2023; Yeo et al., 2025b; Ravindran, 2025). See
Appendix E.3 for more details. Ablation-based
attribution explicitly “zeros out” objects—such as
specific heads hfZZn (Geva et al., 2023) or circuit
edges (Yao et al., 2024a)—and measures the result-
ing performance drop to determine their necessity.

While Causal Attribution offers rigorous causal
responsibility, it is computationally expensive
(scaling linearly with object count). This ineffi-
ciency necessitates Gradient Detection (§3.3) as a
rapid approximation for initial screening.

3.3 Gradient Detection

Methodological Formulation Gradient Detec-
tion scores an object o; via the local sensitiv-
ity of a scalar target F'(x) (e.g., a logit or loss)
to that object: sj(x) = ¢(V,,F(x),0;). Com-
mon instantiations include s; = ||V, F'(x)| and
sj = Vo, F ()" 0; (Sundararajan et al., 2017). The
latter is motivated by the first-order Taylor approx-
imation F(oj + Aoj) = F(0;) + Vo, F(z)" Aoj.

See Appendix E.4 for more details.

Applicable Objects and Scope Since F' is differ-
entiable w.r.t. any object o; in Tab. 1, Gradient De-
tection applies to inputs, activations, and parame-
ters. For input embeddings (x?) and residual states
(x!), it ranks influential tokens/positions/layers
(Nguyen et al., 2025a). For Neuron objects (e.g.,
s', vh), it localizes knowledge- or context-sensitive
neurons and traces upstream dependencies (Dai
et al., 2022; Shi et al., 2024). The same principle
extends to Attention outputs h'" and parameter

a7ttn
blocks (e.g., W4 W

Q/K/V/O up’ Wflown)’ where

gradients rank salient attention/FFN modules (Ja-
fari et al., 2025; Azarkhalili and Libbrecht, 2025)
and identify individual parameters (Li et al., 2025b)
or block granularity (Zhang et al., 2024e).
Gradient Detection is data-dependent and in-
curs extra compute from backpropagation; it
is therefore often used as a lightweight ranking
step before Causal Attribution (§3.2). In addi-
tion, pairing I’ with Causal Attribution yields a
contrastive signal via the counterfactual logit gap
|logit(x) — logit(x®f)| (Yin and Neubig, 2022).

3.4 Probing

Methodological Formulation Probing trains a
predictor gy, to decode a label y from an internal
vector z € Rimae (e.g., x)), e.g., § = gy(2z) =
softmax(W pz) on D = {(z,y)} (Belinkov, 2022).
For object detection, probes are trained on candi-
date objects (layers/heads/FFNs) and ranked by de-
coding performance, typically followed by Causal
Attribution for validation.

Applicable Objects and Scope Probing is de-
fined on internal vectors/activations, and is com-
monly applied to the Residual Stream (x!, x"mid),
Attention outputs (hl’h ), FEN outputs (hlf fn)’ and

atin

Neuron activations (s'). Recent LLM studies use
layer-wise probes to track where contextual knowl-
edge and conflict signals become decodable in x/
(Ju et al., 2024; Zhao et al., 2024c), and head-
/module-level probes to localize capabilities or
risks by comparing decoding strength across h;ﬁn
and module outputs (Du et al., 2024; Zhao et al.,
2025b; Kim et al., 2025b). Probing also extends
to SAE Feature by training probes on feature ac-
tivations a;, enabling concept decoding and inter-
pretable SAE analysis (Kantamneni et al., 2025;
Chanin et al., 2024).

The scope of Probing is supervised decoding:
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it measures how well y is predictable from an inter-
nal object, requiring labeled data and additional
training; in practice it is often used for object rank-
ing and paired with Causal Attribution (§3.2) to
test functional necessity.

3.5 Vocabulary Projection

Methodological Formulation The canonical
technique in this category is the Logit Lens (nos-
talgebraist, 2020), which treats the unembedding
matrix Wy € R%model X VI as a universal decoder for
intermediate states. For a generic object z € R%mode
(e.g., the residual stream state x'), it computes a
vocabulary distribution p = softmax(zWp).

Applicable Objects and Scope This method
can be applied to multiple objects in §2. Ap-
plied to x!, it traces layer-wise prediction evo-
lution and highlights crucial layers where traits
emerge (Wendler et al., 2024). Applied to h:" |
it exposes the information a head injects into the
residual stream, enabling characterization of func-
tional heads such as “Name Mover Head” (Wang
et al., 2023b) and “Copy Suppression Heads” (Mc-
Dougall et al., 2024). Similarly, projecting Neuron
Value Weights (Geva et al., 2021) or SAE Features
(Bricken et al., 2023) supports interpreting their se-
mantics via the tokens they promote in vocabulary
space. See Appendix E.1 for more details.

The scope of this method is direct semantic
mapping. Unlike Probing (§3.4), it provides a
zero-shot view of internal representations without
auxiliary training.

3.6 Circuit Discovery

Methodological Formulation Circuit discovery
seeks mechanistic pathways: structured, directed
dependencies among internal objects that imple-
ment a target behavior (Hanna et al., 2023). Let
(O, &) be the computational graph over objects O
and directed edges &, where ¢;; € £ denotes sig-
nal flow from o; to 0j. A circuit C C & is faith-
ful if restricting computation to C (e.g., by patch-
ing/ablating all other edges) preserves the target
output F'(x) or task performance.

Applicable Objects and Scope Circuit discov-
ery targets edges between objects, ranging over
directed dependencies among interpretable objects
in Tab. 1 (e.g., between x/, hit};n and hlf fn> AMONG
Attention/FFN modules, or among SAE Features
f;). In practice, it is operationalized via (i) inter-
vention-based search for causally necessary edges

(activation patching/ablation search) (Conmy et al.,
2023; Stolfo et al., 2023; Wang et al., 2023b), (ii)
attribution-based edge scoring that ranks edges by
estimated influence (e.g., gradient-based attribu-
tions and position-aware refinements) (Hanna et al.,
2024; Haklay et al., 2025; Mueller et al., 2025),
or (iii) feature-based replacement models (e.g.,
SAE/transcoder variants) that lift Circuit Discov-
ery to sparse features, enabling attribution graphs
and prompt-specific tracing in SAE feature space
(Bricken et al., 2023; Ameisen et al., 2025; Hanna
et al., 2025). See Appendix E.5 for more details.

The scope of Circuit Discovery is causal sub-
graph identification: extracting a minimally suf-
ficient subnetwork across layers that mediates a
behavior. It is closely coupled with Causal Attribu-
tion (§3.2) for validation, and often uses gradient-
based signals to propose candidate edges.

4 Steering Methods

While localization methods (§3) identify the spe-
cific objects responsible for model behaviors, this
section focuses on techniques to manipulate these
objects to steer model outputs.

4.1 Amplitude Manipulation

Methodological Formulation Amplitude Manip-
ulation steers behavior by modifying the magni-
tude of a target object o to 6. This involves either
Ablation/Patching where 6 € {0,E[o], oy} (ze-
roing, mean, or target replacement) to suppress or
alter information flow through o, or Scaling, where
0 = « - o, adjusting strength via coefficient o to
amplify or attenuate their downstream influence
during forward pass. While ablation and patch-
ing here is operationally identical to that in §3.2,
the objective differs: attribution employs them to
diagnose causality, whereas steering targets pre-
localized objects to intervene on behavior.

Applicable Objects and Scope Ablation and
Patching typically target object outputs (e.g., x/,
hlf fn» and hi’tﬁl) or activations (s', a;) and circuit
edges. This eliminates or swaps their influence dur-
ing the forward pass, thereby mitigating unwanted
behaviors such as language or knowledge confu-
sion (Nie et al., 2025; Huang et al., 2025a; Niu
et al., 2025) or reducing computation to acceler-
ate inference (Liu et al., 2024b; Men et al., 2025).
Scaling predominantly targets s', a; or steering
vectors v within Vector Arithmetic (§4.3) to adjust
their contributions, enabling fine-grained control
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over specific model attributes (Stoehr et al., 2024;
Wang et al., 2025a; Pach et al., 2025; Liu et al.,
2025c¢).

This method is characterized as inference-time
activation control. It provides a training-free
mechanism to modulate model behavior by directly
adjusting the activation amplitude of target objects.

4.2 Targeted Optimization

Methodological Formulation 7argeted Opti-
mization permanently updates a weight subset w
to alter behavior. Given a steering dataset Dger,
it minimizes a task-specific loss £ via wpey <
w —1n - Vi L(Dgeer). Crucially, focused adaptation
is enforced by freezing remaining weights 6, ,, or
assigning w a higher learning rate 7.

Applicable Objects and Scope The subset of
weights w is often distributed across multiple lay-
ers. The weights within w generally operate at two
granularity: 1) Fine-grained Objects: This cate-
gory comprises neuron’s key/value weights (ké/vé)
or specific weight matrices (e.g., FFN’s Wéown).
Interventions at this level are motivated by em-
pirical findings that these weights densely encode
specific factual knowledge and functional capabili-
ties (Meng et al., 2022, 2023; Zhang et al., 2024a;
Zhu et al., 2024). 2) Coarse-grained Objects:
Optimization can also target all weight matrices
within a specific functional component (e.g., a spe-
cific Attention Head, FFN, or an entire Transformer
Block) (Zhang et al., 2024d; Li et al., 2025d). Up-
dating entire components effectively adapts general
processing mechanisms, necessary for adjusting
broad capabilities that involve complex behaviors.
This method is characterized by persistence and
surgical precision. Unlike Amplitude Manipula-
tion (§4.1), it involves gradient-based training to
rewrite parameters, which enables precise memory
editing and focused capability enhancement while
minimizing collateral damage to unrelated traits.

4.3 Vector Arithmetic

Methodological Formulation Positing that con-
cepts or skills are encoded linearly, this method
steers a target object z (hidden states or paramters)
viaz = z + « - v. Here, v is the steering vector,
which denotes the direction of target attribute and
« controls the intervention strength.

Applicable Objects and Scope The target object
z can be either dynamic hidden states or static pa-
rameters. 1) Hidden States: The primary targets

are x' and hé’t?n). For these, v is typically derived
from contrastive activation means (calculating the
difference between average activations of counter-
factual inputs (Rimsky et al., 2024)) or extracted
SAE features that are corresponding to target con-
cepts (Shu et al., 2025). See Appendix E.2 for
more details. 2) Parameters: For static weights,
the steering vector v is explicitly defined as a Task
Vector in Model Merging (Liu et al., 2025¢). This
vector is computed as the element-wise difference
between a fine-tuned model and its pre-trained base,
encapsulating a transferable skill or behavior.

The scope of this method is characterized by
additive directionality. Unlike Targeted Optimiza-
tion (§4.2), Vector Arithmetic acts as a steering
force, dynamically pushing the model towards a tar-
get attribute without permanently altering weights.

S Applications

5.1 Improve Alignment
5.1.1 Safety and Reliability

Summary. MI enhances model safety and reli-
ability primarily via two steering paradigms: 1)
Component-level Manipulation, which targets
safety-critical neurons or structures via Ampli-
tude Manipulation (§4.1) and Targeted Opti-
mization (§4.2); 2) Vector Arithmetic (§4.3),
which modulates high-level representations of
truthfulness, refusal, or instruction following.

1) Works adopting the first paradigm focus on lo-
calizing and intervening on specific safety-related
objects. Researchers identify specialized attention
heads (Zhou et al., 2025), neurons (Chen et al.,
2025b; Suau et al., 2024; Gao et al., 2025a), and
SAE features (Templeton et al., 2024; Goyal et al.,
2025; Yeo et al., 2025a) that encode toxicity, harm-
fulness, or hallucination. Once localized, mitiga-
tion is typically achieved via Amplitude Manipula-
tion to ablate or downscale these activations during
the forward pass. Complementarily, Targeted Op-
timization offers a persistent solution by updating
parameters within identified safety circuits (Huang
et al., 2025a), neurons (Zhao et al., 2025d; Chen
etal.,2025b; Li et al., 2024), layer (Li et al., 2025d),
or vector levels (Lee et al., 2024).

2) The second paradigm operates by steering
latent space representations via Vector Arithmetic.
Studies have established that high-level concepts
such as truthfulness, refusal, and instruction fol-
lowing are mediated by specific directions in the
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latent space (Zhao et al., 2025¢; Yin et al., 2025;
Wang et al., 2025f,g; Huang et al., 2025b). Based
on this insight, targeted interventions inject steer-
ing vectors to inhibit hallucinations, correct failed
refusals (Chuang et al., 2024; Chen et al., 2024a;
Zhang et al., 2024c; Orgad et al., 2025), or improve
instruction following (He et al., 2025b; Stolfo et al.,
2025; Jiang et al., 2024c; Li et al., 2025c). This
approach effectively bolsters safety and reliability
while preserving the model’s general capabilities.

5.1.2 Fairness and Bias

Summary. MI improves model fairness and
mitigates biases predominantly through a two-
step paradigm: utilizing Causal Attribution
(83.2) and Magnitude Analysis (§3.1) to iden-
tify bias-carrying objects, followed by Ampli-
tude Manipulation (§4.1) or Targeted Optimiza-
tion (§4.2) to suppress their detrimental effects.

Strategies addressing data-centric biases (e.g.,
gender, demographic, and cultural biases) typically
employ Causal Attribution techniques, such as
zero ablation and activation patching, to trace how
biased signals are mediated by specific subsets
of attention heads, FFNs, or residual stream
states (Vig et al., 2020; Cai et al., 2024a; Ahsan
et al., 2025). Some studies extend this approach
to broader bias categories by first scoring internal
structures (e.g., circuit edges) via Magnitude
Analysis and subsequently validating them through
Causal Attribution (Chandna et al., 2025; Yu et al.,
2025a; Kim et al., 2025b). Once these bias-critical
units are localized, mitigation is achieved either
through inference-time Amplitude Manipulation
(suppressing or down-weighting activations (Vig
et al., 2020; Liu et al., 2024c; Chandna et al.,
2025; Guan et al., 2025)) or through Targeted
Optimization, which persistently updates the
parameters of the identified subsets (Chintam et al.,
2023; Cai et al., 2024a; Yu and Ananiadou, 2025).

5.1.3 Persona and Role

Summary. MI facilitates the control of LLM
personas and roles through two steering
paradigms: 1) Vector Arithmetic (§4.3), which
modulates global persona representations, and
2) Component-level Manipulation, which tar-
gets persona-specific neurons or weights via
Amplitude Manipulation (§4.1) and Targeted
Optimization (§4.2).

1) Works adopting the first paradigm typically
construct counterfactual inputs with opposing per-
sonas to extract steering vectors. These vectors
are then applied via Vector Arithmetic to the Resid-
ual Stream State to amplify or suppress specific
attributes during the forward pass, effectively con-
trolling sycophancy, role-playing capabilities, and
character traits (Rimsky et al., 2024; Poterti et al.,
2025; Pai et al., 2025; Chen et al., 2025d; Handa
et al., 2025; Lu et al., 2026).

2) The second paradigm focuses on pinpointing
precise model components responsible for specific
values or personalities. Once identified, researchers
apply Amplitude Manipulation to selectively acti-
vate or suppress these neurons to alter the model’s
persona (Su et al., 2025b; Deng et al., 2025). Com-
plementarily, Targeted Optimization is employed
to fine-tune these identified persona-specific com-
ponents, embedding objective-aligned behaviors
persistently into the model (Chen et al., 2024b).

Beyond active steering, MI techniques are fur-
ther applied to evaluate and analyze psychological
traits in LLMs. For instance, Probing is utilized to
locate persona-specific representations (Tak et al.,
2025; Yuan et al., 2025; Ju et al., 2025), while mea-
suring the similarity between internal states and
persona vectors serves as a metric for assessing
the model’s alignment with specific psychological
profiles (Karny et al., 2025; Banayeeanzade et al.,
2025; Bas and Novak, 2025).

5.2 Improve Capability
5.2.1 Multilingualism

Summary. MI enables targeted control and
enhancement of language behavior in LLMs
mainly through two steering paradigms: 1)
Amplitude Manipulation (§4.1), which targets
language-specific features; 2) Vector Arithmetic
(§4.3), which shifts representations along
language-related directions.

1) Works adopting the first paradigm leverage
language data to pinpoint language-specific neu-
rons (Zhao et al., 2024b; Gurgurov et al., 2025a;
Tang et al., 2024b; Liu et al., 2025d; Jing et al.,
2025) or SAE features (Andrylie et al., 2025;
Brinkmann et al., 2025) via Magnitude Analysis
on their activations. Interventions typically involve
zeroing or scaling these activations to enhance mul-
tilingual performance and control output language.

2) The second paradigm typically operates by
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steering the residual stream state via Vector Arith-
metic. To determine the optimal intervention site,
works often employ Vocab Projection (Wendler
et al., 2024; Zhao et al., 2024b) and Magnitude
Analysis (Philippy et al., 2023; Mousi et al., 2024)
to identify crucial layers—often located in the late
layers of the model. Applying steering vectors
in these layers effectively projects representations
along language-related directions, enabling better
multilingual understanding (Chi et al., 2023; Hinck
et al., 2024; Zhang et al., 2025d) and mitigating
language inconsistency issue (Wang et al., 2025c¢,d;
Nie et al., 2025; Liu et al., 2025¢). Regarding the
construction of steering vectors, while most works
derive them from parallel language data, recent
studies also explore constructing vectors directly
from language-specific neurons (Gurgurov et al.,
2025a) or SAE features (Andrylie et al., 2025).

5.2.2 Knowledge Management

Summary. MI supports knowledge manage-
ment mainly through three paradigms: 1) Pre-
cise knowledge updating and memory rewrit-
ing; 2) Knowledge refention mitigates interfer-
ence under continual updates; 3) Knowledge
consolidation combines skills/models. Across
them, interventions use Targeted Optimization
(§4.2), Amplitude Manipulation (§4.1), and Vec-
tor Arithmetic (§4.3).

1) Knowledge updating localizes editable car-
riers via Causal Attribution | Probing (optionally
aided by Gradient Detection or Vocabulary Projec-
tion) and performs persistent rewrites with Targeted
Optimization (Meng et al., 2022, 2023; Chen et al.,
2025f,c; Zhang et al., 2025f; Katz et al., 2024). Al-
ternatively, activation-level updates use Amplitude
Manipulation: Lai et al. (2025) edits components
through gated activation control, while SAE-based
methods intervene in activation space for unlearn-
ing/detoxification by identifying relevant features
via Magnitude Analysis (Muhamed et al., 2025a).

2) Retention identifies interference circuits via
Circuit Discovery or Causal Attribution, then ap-
plies Head-/FFN-level Amplitude Manipulation to
suppress conflict sources (e.g., pruning or con-
trolled attention) (Jin et al., 2024; Li et al., 2025a;
Niu et al., 2025; Jin et al., 2025a). To limit drift,
continual adaptation restricts Targeted Optimiza-
tion to selected modules or uses frozen-backbone
representation edits (Zhang et al., 2024e,a; Wu
etal., 2024b; Yang et al., 2025b; Wang et al., 2025¢;

Yang et al., 2025a), while Probing diagnostics help
forecast and evaluate side effects (Du et al., 2024).

3) Consolidation combines skills/models by us-
ing lightweight Probing to identify compatible car-
riers (e.g., aligned parameter subspaces or trans-
ferable feature bases), then persistently composes
them via Vector Arithmetic, aggregating comple-
mentary skills while mitigating interference (Yadav
et al., 2023; Liu et al., 2025c; Chen et al., 2025a;
Zhao et al., 2025¢; Li et al., 2026).

5.2.3 Logic and Reasoning

Summary. MI improves logic and reasoning
through three paradigms: 1) localizing critical
carriers and strengthening them via Targeted
Optimization (§4.2); 2) extracting strategy-
relevant directions/features and steering them
with Vector Arithmetic (§4.3) or Amplitude Ma-
nipulation (§4.1); 3) diagnosing step-level fail-
ures with lightweight monitors for selective
self-correction.

1) For arithmetic reasoning, MI localizes op-
erator/reasoning carriers via Causal Attribution
or Magnitude Analysis, and then improves per-
formance by restricting Targeted Optimization to
the identified heads, FFNs, or layers (Zhang et al.,
2024d; Tan et al., 2025).

2) To steer reasoning strategies, MI identifies
strategy-relevant directions or sparse features via
Magnitude Analysis or cross-model feature discov-
ery, then modulates inference with Vector Arith-
metic (injecting strategy vectors) or Amplitude Ma-
nipulation (scaling/steering sparse features) to mod-
ulate reasoning behaviors (Venhoff et al., 2025a;
Hgijer et al., 2025; Hong et al., 2025; Tang et al.,
2025; Ward et al., 2025; Troitskii et al., 2025;
Galichin et al., 2025; Cywinski et al., 2025; Zhang
and Viteri, 2025; Wang et al., 2025h; Liu et al.,
2025b; Sinii et al., 2025; Li et al., 2025g; Kim
et al., 2026; Zhang et al., 2025g; Nguyen and Le,
2026; Zhang et al., 2025h).

3) For reasoning reliability, MI uses lightweight
diagnosis: Probing or stepwise verification flags
erroneous intermediate steps and triggers targeted
re-generation before errors propagate (Sun et al.,
2025b; You et al., 2025). Complementarily, quanti-
fying token influence in CoT trajectories via Gra-
dient Detection can also serves as a potential diag-
nostic tool to verify whether the model is attending
to relevant logic or spurious correlations during
generation (Wu et al., 2023).
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5.3 Improve Efficiency
5.3.1 Efficient Training

Summary. MI enhances training efficiency pri-
marily through two paradigms: 1) Sparse Fine-
tuning, which isolates and updates only critical
subnetworks via Targeted Optimization (§4.2);
2) Training Dynamics Monitoring, which lever-
ages Magnitude Analysis (§3.1) to design in-
ternal metrics for tracking training status and
avoiding unnecessary computations.

1) Works adopting the first paradigm, unlike
PEFT methods that introduce external modules,
achieve efficiency by fine-tuning intrinsic subsets—
often matching or exceeding the performance of
full fine-tuning. Specifically, studies employ Gra-
dient Detection (Zhu et al., 2024; Song et al., 2024)
or Magnitude Analysis (Xu et al., 2025a; Mondal
et al., 2025; Gurgurov et al., 2025b) to pinpoint
task-specific neurons, updating only their corre-
sponding key/value weights (k; / vé-). More granu-
lar approaches achieve massive efficiency by iso-
lating extremely sparse subsets, such as 0.1% of
neurons via Causal Attribution (Zhao et al., 2024b),
attention heads based on A" (Sergeev and Kotel-
nikov, 2025; Lai et al., 2025) or subgraphs via
Circuit Discovery (Li et al., 2025¢), demonstrating
that substantial gains are attainable by targeting the
correct mechanistic components.

2) The second paradigm predominantly lever-
ages Magnitude Analysis to monitor the state evolu-
tion of internal objects, addressing the limitations
of traditional validation loss in capturing critical
phase transitions. For instance, some studies track
the Ab" of induction heads to signal the onset of in-
context learning (Hoogland et al., 2024; Singh et al.,
2024; Minegishi et al., 2025), while others monitor
weight norms, gradients, or activations of internal
objects to predict generalization phases, cautioning
against premature stopping (Liu et al., 2023b; Fu-
ruta et al., 2024; Qiye et al., 2024; Li et al., 2025h).

5.3.2 Efficient Inference

Summary. MI enhances inference efficiency
primarily through two paradigms: 1) Selective
Computation, which utilizes Magnitude Anal-
ysis (§3.1) or Circuit Discovery (§3.6) to iden-
tify redundant calculations; 2) Adaptive Quan-
tization, which optimizes bit-width allocation
based on object sensitivity.

1) Works adopting the first paradigm effectively
induce sparsity by pruning dispensable objects at
both data and model levels. At the data level, re-
searchers employ Gradient Detection (Xia et al.,
2025; Lei et al., 2025) or Magnitude Analysis to
prune tokens and KV cache (Guo et al., 2024; Ye
et al., 2025b; He et al., 2024a; Cai et al., 2024b).
Advanced methods further utilize Circuit Discov-
ery to preserve attention heads critical for perfor-
mance (Tang et al., 2024a; Xiao et al., 2024). At
the model level, MI guides the skipping of archi-
tectural objects. For instance, applying Magnitude
Analysis or Probing to residual streams or router
activations enables the dynamic bypassing of re-
dundant layers (Laitenberger et al., 2025; Valade,
2024; Elhoushi et al., 2024; Shelke et al., 2024,
Lawson and Aitchison, 2025; Men et al., 2025) and
inefficient MoE experts (Lu et al., 2024; Su et al.,
2025d). Furthermore, identifying specialized neu-
rons (Liu et al., 2024b; Tan et al., 2024a) allows
for the execution of only critical subnetworks.

2) For the second paradigm, a primary appli-
cation is Layer-wise Mixed-Precision Quantiza-
tion, which dictates bit-width allocation based on
layer sensitivity. To quantify this importance, stud-
ies leverage diverse mechanistic signals, includ-
ing Magnitude Analysis of outliers or x! (Dumitru
et al., 2024; Zhang et al., 2025a; Xiao et al., 2025b;
Zhang et al., 2026), Gradient Detection (Ranjan
and Savakis, 2025), and Vocab Projection (Zeng
et al., 2024). Guided by these insights, lower bit-
widths are assigned to robust layers to maximize
efficiency, while higher precision is retained for
sensitive layers.

6 Conclusion

In this survey, we systematically reframe MI from
a primarily observational endeavor into a practical,
actionable paradigm. Under the unified pipeline
of “Locate, Steer, and Improve”, we clarify how
interpretable objects can be precisely localized,
causally manipulated, and ultimately leveraged to
enhance alignment, capability, and efficiency in
LLMs. Our analysis highlights that many recent
advances—ranging from safety and persona align-
ment, to knowledge editing, and further to sparse
fine-tuning—are most effective when grounded
in explicit mechanistic intervention. We further
discuss challenges and future directions in Ap-
pendix A, aiming to provide a solid foundation
to advance more powerful and reliable LLMs.
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Limitation

This survey focuses on mechanistic interpretabil-
ity for dense large language models and does not
systematically cover methods specific to other ar-
chitectures and modalities. In particular, Mixture-
of-Experts (MoE) models introduce routing and
sparsely activated experts, while vision models rely
on modality-specific representations and structures
that pose distinct interpretability challenges. Al-
though many of the methods discussed in this work
are conceptually general, a comprehensive treat-
ment of these architectures is left to future work.

In addition, the field lacks unified benchmarks or
standardized evaluation protocols for localization
methods, making it difficult to compare approaches
or to determine whether the identified model com-
ponents are causally optimal. This limitation also
affects downstream applications, where interven-
tions often rely on a single localization method
without formal guarantees. Some works partially
mitigate this issue by using multiple localization
techniques and observing convergence on similar
model regions, but principled evaluation remains
an open challenge.
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A Discussion and Challenges

While the actionable applications discussed in
previous sections demonstrate the encouraging
potential of MI, it is crucial to recognize that it is
not a universal solution. There remain important
challenges and boundary conditions that may
limit its future scalability, reliability, and broader
practical impact. We discuss these fundamental
points below.

Scalability Constraints and Granularity MI
remains difficult to scale beyond low-level compo-
nents (Kharlapenko et al., 2025; Nikankin et al.,
2025a). While individual neurons or learned fea-
tures are increasingly well-characterized (Duan
et al., 2025; Bricken et al., 2023), identifying
higher-level computational structures still relies
heavily on manual inspection (He et al., 2024b;
Marks et al., 2025; Yao et al., 2024a; Lindsey
et al., 2025; Nguyen et al., 2025c). Although
recent work has made progress toward automa-
tion (Conmy et al., 2023; Hanna et al., 2024), cur-
rent methods often require substantial human in-
tervention and do not robustly generalize across
prompts, tasks, or models (Prakash et al., 2024;
Hanna et al., 2025; Li et al., 2025h). Crucially, as
model sizes scale beyond 100B parameters, the
computational cost of fine-grained causal local-
ization grows prohibitively, forcing a fundamental
trade-off between localization granularity and com-
putational feasibility. Prominent approaches such
as SAEs rely on training surrogate models, intro-
ducing costs that grow with model size and feature
dimensionality. Precisely attributing behavior to
individual components would in principle require
exhaustive interventions, but modern LLM scale
renders such causal tracing computationally infea-
sible (Zhang and Nanda, 2023; Hanna et al., 2024).
As aresult, most analyses (Nanda, 2023; Syed et al.,
2024; Yu and Ananiadou, 2024c; Ameisen et al.,
2025) operate at coarser granularities or rely on
heuristic approximations.

Distributed Mechanisms vs. Localized Spar-
sity Current mechanistic analyses often face a
fundamental trade-off between sparsity and com-
pleteness of representation (Gao et al., 2025b; Pach
et al., 2025). Many interpretability methods aim
to force the model’s internal representations into
a small set of monosemantic components to make
interpretation tractable. However, aggressively en-
forcing sparsity may prune or obscure components

that are genuinely part of the true mechanism but
do not fit a sparse pattern. This leads to a ten-
sion: methods that induce sparsity can improve
interpretability but risk overlooking distributed or
“inactive” subcomponents of genuine mechanisms.
Acknowledging scenarios where localization may
be fundamentally limited, and developing metrics
that balance sparsity and mechanistic completeness,
remains an open challenge.

Intervention Robustness and Side Effects In-
terventions informed by MI, such as model edit-
ing or steering, often lack robustness and pre-
dictability (Yin et al., 2024; Wang et al., 2025b).
Changes intended to modify a specific behavior can
introduce unintended side effects on other tasks
or domains, raising concerns about generalization
and reliability (Jiang et al., 2024b; Zhang et al.,
2024a, 2025¢; Hsueh et al., 2024; Xu et al., 2025b;
Da Silva et al., 2025; Braun et al., 2025; Zhang
et al., 2025j). For instance, Yu and Ananiadou
(2025) demonstrate that modifying a very small
number of neurons can lead to substantial degrada-
tion in overall language performance. The need for
accurate target localization and steering methods
that avoid collateral behavioral disruption remains
a central technical challenge.

Evaluation Protocols for Actionable MI A crit-
ical gap exacerbating these challenges is the lack
of robust evaluation frameworks to assess the
faithfulness of localization and explanation meth-
ods (Miller et al., 2024). Although some bench-
marks (Mueller et al., 2025; Parrack et al., 2025;
Nguyen et al., 2025b; Wu et al., 2025¢; Karvonen
et al., 2025) have been proposed, there remains no
consensus on metrics that can determine whether
an identified component truly corresponds to the
underlying causal mechanism. In the absence of
reliable ground truth at the mechanism level, rig-
orous validation and comparison of MI methods is
inherently challenging.

To address the need for standardized actionable-
MI evaluation, we preliminarily propose a minimal
evaluation framework (as shown in Table 2) that
covers three distinct task settings: math reasoning,
safety, and knowledge editing. For each setting, we
explicitly define (1) the features to localize or steer,
(2) the primary evaluation metric, (3) essential side-
effect checks, and (4) representative benchmark
datasets.

This framework facilitates rigorous, multi-
faceted evaluation. For example, to evaluate a
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Capability Feature to Localize/  Primary Metric Side Effect Check Example Datasets
Steer
Math Reasoning Arithmetic and Accuracy, Reflection General Capabilities GSMSK, AIME25
Reflection Features Token Ratio
Safety Refusal Features Refusal Rate, Attack Over-Refusal SORRY-Bench,
Success Rate OR-Bench
Knowledge Factual Associations Edit Success Rate Locality, Fluency CounterFact, ZsRE

Table 2: A minimal evaluation benchmark framework for actionable MI. This framework combines primary success metrics
with essential side effect checks to ensure a holistic assessment of any intervention.

localizing method targeting reflection features in
mathematical reasoning, one might first identify
candidate features and then apply targeted ablation.
The resulting change in reflection token frequency
on benchmarks like AIME?25 can then serve as a
quantitative measure of causal faithfulness. Simi-
larly, to rigorously compare steering interventions,
one can apply different steering methods to the ex-
act same localized features and measure differences
in task accuracy or behavioral shifts. For instance,
researchers can directly compare the efficacy of
(1) amplifying a reflection feature via Amplitude
Manipulation, (2) injecting it as a steering vector
via Vector Arithmetic, and (3) performing localized
weight updates via Targeted Optimization.

Furthermore, measuring unintended conse-
quences is a first-class requirement. For each task
setting, we design dedicated side-effect checks to
evaluate the collateral impact of different steering
methods:

* Math Reasoning: Interventions aimed at en-
hancing reflection or arithmetic features should
not degrade performance in other domains.
Therefore, after steering a reflection-related fea-
ture, the model must also be evaluated on general
knowledge and safety benchmarks to ensure its
broader capabilities remain intact.

* Safety: The objective is not only to increase the
refusal rate on harmful prompts (measured by
benchmarks such as SORRY-Bench (Xie et al.,
2025)), but also to avoid over-refusal—that is,
rejecting benign or harmless prompts. This rep-
resents a critical trade-off, as overly aggressive
safety interventions may significantly harm the
model’s general helpfulness. Benchmarks such
as OR-Bench (Cui et al., 2024) are specifically
designed to quantify this negative side effect.

* Knowledge Editing: For knowledge editing, lo-
cality is the primary side-effect metric. It mea-

sures whether editing a specific fact (e.g., modi-
fying a president’s name) unintentionally alters
unrelated knowledge in the model (Zhang et al.,
2024b). Fluency is additionally essential, as it
evaluates whether the model’s generative quality
degrades post-edit, such as by becoming repeti-
tive or producing ungrammatical outputs.

B Future Directions

Looking forward, several directions appear particu-
larly promising for advancing MI.

Broadening the Architectural Scope While
our formalization in §2 is primarily centered on
decoder-only Transformer LLMs, an important fu-
ture direction is to extend the “Locate, Steer, and
Improve” framework to broader model architec-
tures. Although our pipeline is defined in the
decoder-only setting, many of the localizing and
steering methodologies we categorize are general
in spirit and can, in principle, be transferred to other
architectures once their corresponding interpretable
objects are identified. For example, compared with
decoder-only dense models, MoE architectures in-
troduce an additional routing mechanism, making
router states, routing activations, routing decisions,
and expert activations natural functional objects
beyond standard neural activations (Shazeer et al.,
2017; Fedus et al., 2022; Zhou et al., 2022; OI-
son et al., 2025). This suggests that localization
tools developed for dense models, such as Mag-
nitude Analysis, can be extended from ordinary
neural activations to router activations, in order
to identify influential routes or experts and sub-
sequently steer behavior through interventions on
the corresponding expert modules (Wang et al.,
2025a; Olson et al., 2025; Liu et al., 2024a). Sim-
ilarly, MLLMs augment text-only LLMs with vi-
sion encoders and cross-modal interaction modules
(Liu et al., 2023a; Li et al., 2023; Alayrac et al.,
2022; Lin et al., 2025). Their interpretable objects
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therefore go beyond language-side activations to
include visual token representations, image-patch
attention maps, cross-modal attention patterns, and
modality-level information-flow pathways, which
can likewise be analyzed using existing tools in our
taxonomy. For instance, Magnitude Analysis can
be applied to visual or multimodal activations, in-
cluding those in the vision encoder and multimodal
attention stack, while Vocabulary Projection can
be adapted to inspect how visual representations
align with linguistic concepts (Neo et al., 2025; Yu
and Ananiadou, 2024d; Bi et al., 2025; Zhang et al.,
20251). At the same time, fully realizing action-
able MI in these architectures will likely require
more than direct adaptation: future work should de-
velop architecture-specific localizing and steering
techniques that explicitly account for distinctive
structural properties such as sparse routing in MoE
models and tightly entangled cross-modal represen-
tations in MLLMs (Lin et al., 2025).

Integration with Cognitive Science A key pri-
ority for mechanistic interpretability is to move
from isolated, low-level analyses toward integrated,
system-level explanations. Most existing MI work
focuses on task-specific and localized mechanisms,
such as knowledge neurons, safety-related neu-
rons, arithmetic heads, or specific task circuits (Yao
et al., 2024b; Chen et al., 2024a; Xiao et al., 2025a;
Zhang et al., 2024d; Gurgurov et al., 2025a; Li
et al., 2025d). While informative, these approaches
offer limited insight into how models organize com-
putation more broadly (Zhao et al., 2024a). In
contrast, cognitive science conceptualizes cogni-
tion through higher-order organizations. This in-
cludes broad processing paradigms like System 1
and System 2 reasoning (Li et al., 2025f), as well as
distinct functional subsystems governing attention,
memory, language, and executive control (Morgan
and Gilliland, 1927; Gruber and Goschke, 2004,
Gruszka and Matthews, 2010; Zhang, 2019). Fu-
ture research should draw explicit parallels between
MlI-discovered mechanisms and these established
cognitive architectures. For instance, exploring
whether specific localized circuits function anal-
ogously to working memory or attention control,
could reveal if LLM internal structures exhibit or-
ganizational principles analogous to human cog-
nitive systems (Geiger et al., 2025). Furthermore,
this integration can foster a bidirectional synergy:
MI findings might inform cognitive theories of hu-
man reasoning and language processing, while es-

tablished cognitive frameworks provide a robust
blueprint for understanding and evaluating LLMs.

Theoretical Foundations In parallel, stronger
theoretical foundations are needed. Connecting
internal representations to principles from cogni-
tive science (Davies and Khakzar, 2024; Wulff and
Mata, 2025; Zhang et al., 2025c¢; Ren et al., 2025)
or information theory (Conklin and Smith, 2024)
may help unify disparate MI findings and reduce
reliance on ad-hoc interpretations. A principled
framework could also clarify what kinds of internal
structures should be expected in large-scale models
and why (Kendiukhov, 2025).

From Interpretation to Interpretable Design
Finally, an emerging direction is the progression
from interpretation to intervention and, ultimately,
model design. Insights from MI are increasingly
used not only to explain behavior, but also to edit,
steer, or modularize models. This direction con-
nects naturally to earlier work on intrinsically in-
terpretable models, such as Concept Bottleneck
Models (Ismail et al., 2024; Sun et al., 2024a;
Shang et al., 2024a,b; Tan et al., 2024b; Hu et al.,
2025; Zhao et al., 2025a) and Weight-sparse trans-
formers (Gao et al., 2025b), which enforce trans-
parency through architectural constraints. How-
ever, despite their interpretability benefits, such
models typically underperform black-box archi-
tectures on large-scale, complex tasks (Srivastava
et al., 2024). Looking forward, a key challenge is
to bridge this gap by designing interpretable back-
bone architectures that can serve as viable alterna-
tives to transformers, achieving interpretability by
construction while maintaining performance com-
parable to state-of-the-art black-box models. In this
sense, interpretability-informed design may move
beyond post-hoc analysis toward fundamentally
more controllable, customizable, and transparent
model architectures.
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Figure 2: Outline of this survey (Part I). Applications are shown separately in Fig. 3.
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Figure 3: Outline of this survey (Part II: Applications). The remaining sections are shown in Fig. 2.
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Figure 4: The schematic of information flow within a standard Transformer block. The Residual Stream (x;) serves as the
backbone, while Attention and FFN act as additive branches that read from and write to this stream. Based on the figure
from Ferrando et al. (2024).

D Details of Interpretable Objects of LLM

In this section, we further describe the details of the internal objects, with a focus on the decoder-only
architecture—the predominant framework for contemporary LLMs (Dubey et al., 2024; Team et al., 2024;
Abdin et al., 2024; Anthropic, 2024; xAl, 2025; DeepSeek-Al et al., 2025). We do this by providing a
mechanistic breakdown of the information flow within Transformer blocks and illustrating the theoretical
and practical aspects of Sparse Autoencoders (SAEs).

D.1 Information Flow in Transformer Blocks

To effectively locate and steer internal objects, one must first understand how information propagates
through the model. As illustrated in Fig. 4, the Transformer architecture is fundamentally built around the
Residual Stream, acting as the central communication channel or “highway” (Elhage et al., 2021; Bricken
and Pehlevan, 2021; Wang et al., 2023b; Ferrando and Voita, 2024; Voita et al., 2024; Liu et al., 2025a).

Mechanistically, the residual stream x; at layer [ is updated iteratively by sub-layers, we view the
components as performing specific operations on this stream:

¢ Attention Heads (The Router): Attention heads “read” information from the residual stream of
previous tokens (via subspace projections Wléh, Wl[’{h) and “write” attended information to the

current position (via Wi}h, Wlo’h). They primarily manage information routing and contextual
dependencies (Elhage et al., 2021; Olsson et al., 2022; Voita et al., 2019; Feng and Steinhardt, 2023;
Men et al., 2024).

* FFN (The Processor): FFN operate independently on each token position. They act as “Key-Value”
memories where the first layer projects the stream into a high-dimensional state (Knowledge Keys)
and the second layer writes the retrieved knowledge back to the stream (Geva et al., 2021, 2022; Dai
et al., 2022).

This additive structure, x;11 = x; + MHA(x;) + FEN(x;), implies that features in the residual stream
are linear combinations of outputs from all previous components, justifying the use of methods like SAEs
to disentangle them.
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Figure 5: The framework of Sparse Autoencoders (SAEs). The SAE acts as a “microscope” for the LLM, expanding dense
representation into a sparse, overcomplete set of interpretable features via an encoder-decoder architecture. Based on the figure
from Shu et al. (2025).

D.2 Extended Analysis of Sparse Autoencoders (SAEs)

While the main text introduces the definition of SAEs, here we discuss the underlying motivation and
practical training considerations.

The Necessity: Resolving Superposition. The motivation for SAEs stems from the challenge of
superposition, a phenomenon where neural networks represent more features than they have physical
neurons by encoding them as nearly orthogonal directions in the activation space (Elhage et al., 2022).
This causes polysemanticity, where a single neuron activates for unrelated concepts. SAEs resolve this by
projecting low-dimensional dense activations into a higher-dimensional sparse latent space, effectively
“unpacking” the superposition. Crucially, this decomposition allows researchers to steer model behavior
by targeting these granular features (Templeton et al., 2024; Lieberum et al., 2024; He et al., 2025b; Cho
and Hockenmaier, 2025; Li et al., 2025c¢), transforming opaque vectors into an actionable vocabulary.

Framework and Visualization. Fig. 5 illustrates the standard SAE framework applied to a target LLM.
The SAE is an independent module attached to a specific object of a frozen LLM—in fact, SAEs can be
applied to nearly all internal objects within LLMs, including s', x, x/™ [, hl,,..and b} .

The Expansion Factor (ratio of dsag to dmodel) 1S a critical hyperparameter. To capture the vast
number of features hidden in superposition, dsag is typically set to be 16 x to 128 x larger than the model
dimension (Cunningham et al., 2023; Templeton et al., 2024; Bloom, 2024; Ghilardi et al., 2024; Mudide

et al., 2024; Lieberum et al., 2024; He et al., 2024c¢).

Training Challenges and Solutions. Training SAEs presents unique challenges discussed in recent
surveys (Shu et al., 2025):

* Dead Latents: A major issue where many feature neurons never activate during training, wasting
capacity. Techniques such as ghost gradients or periodic resampling of dead neurons are commonly
employed to mitigate this (Bricken et al., 2023).

* Feature Absorption: Sometimes broadly activating features suppress more specific ones. Advanced
architectures like Gated SAEs, Top-K SAEs, BatchTopK SAEs, JumpReLU-SAEs and Binary-SAEs
have been proposed to improve feature quality and reconstruction fidelity (Gao et al., 2024; Raja-
manoharan et al., 2024a; Bussmann et al., 2024; Rajamanoharan et al., 2024b; Cho et al., 2025).

Pre-trained Resources. To reduce barriers to interpretability research, several high-quality pre-trained
SAE suites have been made publicly available. For instance, Lieberum et al. (2024) released Gemma
Scope (which provides SAEs for all layers of the Gemma2 model), while He et al. (2024c) introduced
Llama Scope (covering every layer of Llama3 model). Similarly, Templeton et al. (2024) demonstrated
“Golden Gate Claude” features.
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E Details of Methods

E.1 Details of Vocabulary Projection

Negative Logits Positive Logits
impegno -0.39 consumer 0.71
=L wikipagina -0.34 Food 0.70
::::: alugar -0.32 food 0.70
o financiere | -0.32 B85 0.67
v telefénica -0.32 Foods 0.67
- auroit -0.30 FOODS 0.66
—'_‘" Empfang -0.30 product 0.65
::: jurk -0.29 FOOD 0.64
KN. désert -0.28 products 0.64

(b)

Figure 6: (a) Projecting residual streams reveals the layer-wise evolution of latent concepts, showing an English-centric
bottleneck in multilingual tasks (Wendler et al., 2024). (b) Projecting SAE decoder weights identifies the semantic meaning of
sparse features (e.g., a “food” feature) by identifying top-ranked tokens (Shu et al., 2025). Based on figures from Wendler et al.
(2024) and Shu et al. (2025).

In this appendix, we detail classic case studies demonstrating how Vocab Projection (Logit Lens) serves
as a versatile tool for interpreting various internal components of LLMs, ranging from global residual
streams (Pal et al., 2023; Belrose et al., 2023; Wendler et al., 2024; Shai et al., 2024; Jiang et al., 2024a;
Cancedda, 2024; Takatsuki et al., 2025; Yugeswardeenoo et al., 2025; Phukan et al., 2025) to specific
attention heads (Sakarvadia et al., 2023; Wang et al., 2023b; Yu and Ananiadou, 2024d; Jiang et al.,
2025; Kim et al., 2025a; Wang, 2025; Bahador, 2025), neurons (Geva et al., 2021; Huo et al., 2024;
Yu and Ananiadou, 2025; Kargaran et al., 2025; Shao et al., 2025) and sparse features (Bricken et al.,
2023; Lawson et al., 2024; Shu et al., 2025; Arad et al., 2025; Dreyer et al., 2025; Venhoff et al., 2025b;
Muhamed et al., 2025b; Wu et al., 2025a; Gur-Arieh et al., 2025).

Layer-wise Analysis Example: The Latent Language of Transformers Vocab Projection applied
to residual streams (x') reveals the evolution of latent concepts. A prominent example is the study by
Wendler et al. (2024) on multilingual models. As illustrated in Fig. 6 (a), analyzing a translation task
reveals three distinct processing phases: initial layers focus on the surface form of the input language;
middle layers process semantics in an abstract, “English-centric” concept space (even for non-English
tasks); and final layers rotate back to the target language output. This confirms that English serves as an
internal pivot for abstract reasoning in multilingual LLMs.

Head-wise Analysis Example: Mechanisms of Indirect Object Identification Applying Vocab
Projection to the output of individual attention heads (hi’t}tln) allows researchers to determine exactly
what information a head “writes” into the residual stream. Wang et al. (2023b) utilized this technique to
reverse-engineer the Indirect Object Identification (IOI) task (e.g., completing sentences like “When Mary
and John went to the store, John gave a drink to Mary”). The authors identified specific functional heads
by checking if their outputs projected strongly to the correct name (“Mary”): “Name Mover Heads” (e.g.,
Head 9.9), which explicitly write the correct name (“Mary”) vector, and “Negative Name Mover Heads”
(e.g., Head 10.7), which attend to the name but write a negative vector to suppress it. This mechanistic
distinction is only visible through Vocab Projection.

Neuron-wise Analysis Example: FFNs as Key-Value Memories Geva et al. (2021) demonstrate that
FFNs operate as key-value memories, where value weights (W gown) represent output distributions. By
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Sparse Autoencoder Input Example Input:

[N 1
| hz | Write a brief angry review in 10 words for the smartphone 'Apple 52 Pro
7z | O | Max'.
g
- D ) Original Output:
: D : Overpriced junk! Laggy, terrible battery, useless updates, worst purchase
. ever!
.9
r— _h(_z’j -1 Steered Output:
| |
Z, | D | Steer Happiness Feature:
| D | Amazing phone! Fast, stunning display, great battery, worth every
| | penny!
[ O | Steer Confusion Feature:
| D | Great camera, but lags? Expensive, yet feels cheap? I’m lost.
| : | Steer Fact Feature:
IL 3 _Q_ 3 _J Steered Output Apple 52 Pro Max doesn’t exist yet, so no review possible.
(a) Steering Vector Extraction (b) Steering LLM Behavior (c) Steered Output Example

Figure 7: The pipeline for steering LLMs using SAE Features. (a) Steering Vector Extraction: The target steering vector is
derived by analyzing a set of prompts to identify features that distinguish a concept-rich state z’ from a neutral state z. The
steering vector is computed as the weighted sum of these identified SAE Decoder columns. (b) Steering LLM Behavior: This
aggregated vector is injected into the Transformer’s residual stream via vector addition. (c) Steered Output Example: Empirical
results showing how steering specific features (e.g., Happiness, Confusion) drastically alters the model’s generation style even
when the original prompt implies a negative sentiment. Based on the figure from Shu et al. (2025).

projecting specific column vectors of W oy, into the vocabulary, they reveal that individual neurons
often promote semantically related clusters of tokens (e.g., a single neuron boosting “press”, “news”,
and “media”). This suggests that FFN updates refine model predictions by composing these pre-learned

semantic distributions layer by layer.

Feature-wise Analysis Example: Interpreting SAE Features For Sparse Autoencoders (SAEs),
output-based explanations leverage the decoder weights to interpret monosemantic features (Shu et al.,
2025). By computing the logits contribution 1; = f;W; for a feature vector f;, one can identify the
top-ranked tokens. As shown in Fig. 6 (b), a feature whose projection yields high positive logits for tokens
like “Food” and “food” is interpreted as encoding a “food” concept, directly grounding the sparse feature
in human-understandable semantics.

E.2 Details of Vector Arithmetic

In the main text, we introduced Vector Arithmetic as a method to steer model behavior by injecting a
direction v into hidden states. Here, we detail the two primary mechanisms for deriving this steering
vector: Contrastive Activation Means (Rimsky et al., 2024; van der Weij et al., 2024; Lu and Rimsky,
2024; Postmus and Abreu, 2024; Turner et al., 2024; Su et al., 2025a; Hegazy et al., 2025; Sharma and
Raman, 2025), and SAE Features (Bayat et al., 2025; Shu et al., 2025; Weng et al., 2025; He et al., 2025b;
Soo et al., 2025; He et al., 2025a; Bhattacharyya and Rooshenas, 2025; Goyal et al., 2025).

Deriving Vectors via Contrastive Activation Means This method, often referred to as “Mass-Mean
Shift” or “Activation Addition”, assumes that a concept can be isolated by comparing the model’s internal
states across opposing contexts. Formally, let DT be a set of prompts eliciting the target behavior (e.g.,
sycophantic responses) and D~ be a set of prompts eliciting the opposing behavior (e.g., non-sycophantic
responses). We collect the intermediate activations x’ at a chosen layer [ for both sets. The steering vector
v is calculated as the difference between the centroids of these two distributions:

veutou = 3 Dizx ©)

x;€Dt x; €D~

During inference, this vector represents the “direction of sycophancy.” By adding « - v to the residual
stream, we shift the model’s current state towards the centroid of the positive behavior, effectively inducing
the target trait without altering the model’s weights.

10354



Deriving Vectors via SAE Features Sparse Autoencoders (SAEs) provide a more precise method to
isolate steering vectors by disentangling the residual stream into monosemantic features. As illustrated in
Fig. 7, the process begins with Feature Identification via Comparison (Fig. 7a). Normally, researchers
employ a set of prompts containing the target concept (e.g., “Happiness”) versus a set lacking it, producing
two aggregated latent states: a concept-rich state z’ and a baseline state z. By comparing their sparse
activations h(z') and h(z), a subset of relevant features 7 that exhibit significant activation differences
is identified. The steering vector v is then constructed as the weighted sum of the corresponding SAE
decoder columns: v = ) jed 05 Wgec [:, 7], where the scalar weight 0 ; represents the activation difference
of feature j between the two states. Finally, during the Steering Intervention (Fig. 7b), this aggregated
vector is injected into the residual stream (X = x + « - v). As shown in Fig. 7(c), this precise manipulation
can dramatically alter generation styles, such as transforming a negative review into a positive one by
amplifying the “Happiness” features.

E.3 Details of Causal Attribution

In the main text, we introduced Patching as a method to isolate information pathways by swapping internal
states (Vig et al., 2020; Meng et al., 2022, 2023; Goldowsky-Dill et al., 2023; Yeo et al., 2025b; Ravindran,
2025). Here, we detail a representative implementation of this technique: Causal Tracing, as proposed by
Meng et al. (2022).

Example: Locating Factual Associations via Restoration Patching Meng et al. (2022) utilize a
specific form of patching, often called “denoising” or “restoration” patching, to localize where factual
knowledge (e.g., knowing that “The Space Needle” is located in “Seattle”) is stored within the model. As
illustrated in Fig. 8, the process involves three key steps:

1. Corrupted Run (Intervention): First, the authors effectively erase the specific knowledge from the
model’s computation. They create a corrupted input by adding Gaussian noise to the embeddings
of the subject tokens (e.g., “Space Needle”). In this corrupted state, the model’s probability of
predicting the correct object (“Seattle”) drops significantly.

2. Patched Run (Restoration): The core operation is to systematically restore specific internal states
from the original clean run into this corrupted run. For a specific layer [ and token position ¢, the
method copies the clean hidden activation h! and pastes it into the corrupted computation graph.

3. Effect Measurement: The causal effect of the patched state is quantified by the Indirect Effect
(IE), which measures how much of the original target probability (“‘Seattle”) is recovered by this
restoration. A high IE score indicates that the patched state at (I, ¢) carries critical information for
the fact.

Insights from Causal Tracing By applying this patching method across all layers and token positions,
Meng et al. (2022) generated the heatmap results shown in Fig 8. This analysis revealed two distinct
localized mechanisms responsible for factual recall:

 Early Site (Subject Tokens): A strong causal effect is found in the early MLP layers corresponding
to the subject tokens (e.g., “Space Needle”). This suggests that the model decodes the specific entity
and retrieves its properties early in the network.

* Late Site (Last Token): A second peak of causal importance appears in the late Attention layers at
the final token position (e.g., “downtown”). This indicates that the retrieved information is transported
and processed by attention heads just before prediction.

E.4 Details of Gradient Detection

Gradient Detection can be viewed as a first-order (Taylor) approximation to intervention effects, and
Integrated Gradients (IG) as a path-integrated extension that satisfies completeness relative to a baseline.
This appendix follows canonical gradient saliency and attribution work and related variants/caveats
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Figure 8: Overview of Causal Tracing via Patching (Meng et al., 2022). The method identifies critical internal states by creating
a corrupted run (noising the subject “Space Needle”) and systematically restoring clean states to see which ones recover the
prediction “Seattle”. The heatmap results reveal that factual information is processed in early MLP layers at the subject position
and later transferred to the final token via attention. Based on the figure from Meng et al. (2022).

(Sundararajan et al., 2017; Smilkov et al., 2017; Shrikumar et al., 2017; Yin and Neubig, 2022; Wang
et al., 2024d).

E.4.1 Taylor Expansion Derivation of s; = V, I’ (z)To;

Fix an input = and an internal object 0; = 0;(z) € R (e.g., an embedding, residual vector, head output,
or parameter block). Consider an additive modification 0o; — 0; + Aoj, and study the local output
change of a scalar target F'(-) with respect to o;.

Taylor Expansion With Remainder Assume F' is twice differentiable in a neighborhood of 0;. The
second-order Taylor expansion around o; yields

1
F(o; + Aoj) = F(o;) + VojF(oj)TAoj + iAojTHOjF(oj +&Aoj) Aoj, forsome & € (0,1), (7)
where H, F is the Hessian with respect to o;. Therefore,

1
F(oj + Aoj) — F(0j) = Vo, F(0))" Aoj + 5 o[ Ho, F(o; +§80;) Aoy ®

Higher-Order Remainder

Gradient Detection corresponds to using the first-order term as a fast proxy and ignoring the remainder.
Define the 1D restriction along direction Ao;: g(o) = F'(0oj + aloj), « € [0, 1]. By the chain rule,
g'(0) =V, F (0;) T Aoj, hence this dot product is the directional derivative of F at 0; along Ao;.

Grad xInput Score A common “local removal” surrogate uses Ao; = —o;, giving
F(Oj — Oj) — F(Oj) ~ —VOjF(Oj)TOj. (9)

This motivates the signed score s;(x) = Vo, F(x) " 0;, with |s;(x)| often used when only magnitude
matters. Eq. (8) makes the approximation conditions explicit: curvature (Hessian) and perturbation size
control the error.

Scores can be summarized over coordinates and/or over a dataset. For example, a component-wise
decomposition is

Vo Flop) o = Y 505

k=1

(05) - (01 (10)

B

d
and dataset-level aggregation can use E,.p[s;j(x)], E[|s;(z)|], or rank-based statistics.
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E.4.2 Integrated Gradients: Definition and Intuition

Single-point gradients can be uninformative under saturation and do not, by themselves, specify a reference
for “absence.” IG addresses both by attributing F'(0;) — F (0;) for a chosen baseline 0;». Choose a baseline

o’; (same shape as o;) and define the straight-line path y(a) = o} + a(0; — 0}), a € [0,1].

Definition IG assigns an attribution to each coordinate k:

) . [1OF
IG (05 05) = (05 — Oj)k/o é?w(ga))da. (1D
Because = F(y(a)) = V,F(y(a)) " (0; — 0}), we have
d 1 d
S 1Gi(oji0)) = /0 L F(y(0)) da = Flo;) ~ F(). (12)
k=1

Thus IG decomposes the baseline-to-input change in F across coordinates of o;.

Riemann Approximation With m steps,
1 ¢~ 9F(7(@)
IGi(0j;0)) ~ (0j — 0 - — _— . (13)

e ’ ! m tZ:; a’}/k a=t/m

If o = 0 and VF(y(«)) varies little along the path, the integral is close to the endpoint gradient,
recovering a grad xinput-like form as a locally linear special case. IG explains F'(0;) — ['(0}); hence the
baseline is part of the explanation specification and should reflect an appropriate notion of “absence” for
the object.

E.4.3 Target Function Examples

Gradient Detection is modular in F. Beyond a single logit, common choices include:
* Loss: F'(x) = —log p(y*|x) or cross-entropy objectives.
* Logit Margin: F'(z) = logit, (7) — logit, o ().
* Counterfactual Gap: F'(z) = |logity(x) — logity(xcf )]
+ Distribution Shift: '(x) = Dy, (p(-|z) || p(:|z/)) (or symmetric variants).

E.5 Details of Circuit Discovery

In the main text, we outlined methods for operationalizing Circuit Discovery. Here, we elaborate on the
Attribution-based method, offering a detailed formulation of Edge Attribution Patching (EAP) (Syed et al.,
2024) and its variant, EAP with Integrated Gradients (EAP-1G) (Hanna et al., 2024; Huang et al., 2025a).

Methodological Formulation Constructing a faithful circuit involves identifying a subset of edges
Esup C &€ that mediate the model’s performance on a specific task. Let v be a “sender” node (e.g., an
attention head or MLP neuron) and v be a “receiver” node. An edge e, ., transmits the activation a,,
from u to the input z,, of v. The goal is to measure the attribution score of this edge, which quantifies the
change in a task metric R (e.g., logit difference) when the edge is “patched” or ablated.

1. The Bottleneck of Activation Patching Exact evaluation requires performing an intervention
do(ey—v): replacing the activation along the edge with a counterfactual value (from corrupted input X )
while keeping the rest of the model conditioned on the clean input X jcq,. Computing this for all edges
requires |E| separate forward passes, which is computationally prohibitive for large models (O(|€))).
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2. Linear Approximation (Standard EAP) EAP overcomes this bottleneck by approximating the
patching effect using a first-order Taylor expansion. Instead of running a new forward pass for each
edge, it estimates the effect using gradients computed from a single backward pass. The attribution score
S(u — v) is approximated as the inner product of the activation difference at the sender and the gradient
at the receiver:

Slinear(u — 'U) ~ (au(Xclean) - au(Xcorr)) : (14)

Sender Activation Difference

0z
U lXclean
Receiver Input Gradient

This factorization allows EAP to compute scores for all edges simultaneously using just two forward
passes (to get a,, for both inputs) and one backward pass (to get VR), achieving O(1) efficiency.

3. Addressing Non-Linearity with Integrated Gradients (EAP-IG) While Linear EAP is efficient, it
assumes the model behaves linearly between the corrupted and clean states. However, neural networks
often exhibit saturation or highly non-linear behaviors, where the local gradient at x,, may vanish or
mislead the attribution (e.g., a neuron is already saturated). To address this, EAP-IG incorporates the
method of Integrated Gradients (Sundararajan et al., 2017). Instead of relying on the gradient at a single
point, EAP-IG averages the gradients along a linear interpolation path between the corrupted and clean
inputs.
Let « € [0, 1] be an interpolation coefficient. We define an interpolated input sequence:

Xa = Xcorr + - (Xclean - Xcorr) (15)
The EAP-IG score is computed by integrating the gradients along this path:

L oRrR
=0 0z,

da (16)

Xa

S[G(U — U) = (au(xclean) - au(XCOTT)) : /

Practically, this integral is approximated using a Riemann sum over n discrete steps (e.g., n = 50):

n

SIG(U — U) ~ (au(Xclean) - au(xcorr)) : %Z

(17)

Summary of the Discovery Workflow Using EAP-IG involves the following steps:

1. Activation Collection: Run forward passes on X jeq, and X to compute the activation difference
Aa,, for every sender node.

2. Integrated Gradient Computation: Run n forward and backward passes on interpolated inputs
Xy/n to compute the average gradient Vz,, w.r.t the input of every receiver node.

3. Edge Scoring: Compute the score for every edge u — v via the Hadamard product: S;g(u — v) =
Aa, © Vz,.

4. Pruning: Rank all edges by |S;¢/| and apply a threshold to select the top edges, forming the final
circuit.

Although EAP-IG requires n backward passes (making it slower than Linear EAP), it remains significantly
faster than brute-force patching while providing much more faithful attributions in non-linear regimes.
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F Summary of Surveyed Papers

Table 3: Summary of Surveyed Papers. We annotate each paper with tags for its Core Interpretable Objects (§2), Localizing
Methods (§3), and Steering Methods (§4). For studies employing multiple objects or localizing/steering methods, we annotate
the primary tag. The symbol “-” in the Steering Method column denotes works that apply localized mechanistic insights directly

for analysis or monitoring, without employing active intervention techniques.

Paper Object Localizing Method Steering Method Venue Year Link
Safety and Reliability (Improve Alignment)
Du et al. Token Embedding Gradient Detection Vector Arithmetic ArXiv 2025 Link
Jiang et al. Attention Causal Attribution Targeted Optimization ArXiv 2024 Link
Zhou et al. Attention Causal Attribution Amplitude Manipulation ICLR 2025 Link
Huang et al. Attention Circuit Discovery Targeted Optimization EMNLP 2025 Link
Chen et al. Neuron Causal Attribution Amplitude Manipulation ArXiv 2025 Link
Suau et al. Neuron Magnitude Analysis Amplitude Manipulation ICML 2024 Link
Gao et al. Neuron Magnitude Analysis Amplitude Manipulation ArXiv 2025 Link
Zhao et al. Neuron Magnitude Analysis Targeted Optimization ICLR 2025 Link
Li et al. Neuron Magnitude Analysis Targeted Optimization ArXiv 2025 Link
Templeton et al. SAE Feature Magnitude Analysis Amplitude Manipulation Blog 2024 Link
Goyal et al. SAE Feature Magnitude Analysis Amplitude Manipulation EMNLP 2025 Link
Yeo et al. SAE Feature Magnitude Analysis Amplitude Manipulation EMNLP 2025 Link
Weng et al. SAE Feature Magnitude Analysis Amplitude Manipulation ArXiv 2025 Link
Wu et al. SAE Feature Magnitude Analysis Vector Arithmetic ICML 2025 Link
Li et al. SAE Feature Magnitude Analysis Vector Arithmetic ArXiv 2025 Link
He et al. SAE Feature Magnitude Analysis Vector Arithmetic ArXiv 2025 Link
Li et al. Residual Stream Causal Attribution Targeted Optimization ICLR 2025 Link
Lee et al. Residual Stream Probing Targeted Optimization ICML 2024 Link
Arditi et al. Residual Stream Causal Attribution Vector Arithmetic NeurIPS 2024 Link
Zhao et al. Residual Stream Causal Attribution Vector Arithmetic NeurIPS 2025 Link
Yin et al. Residual Stream Probing Vector Arithmetic ArXiv 2025 Link
Ball et al. Residual Stream Causal Attribution Vector Arithmetic ArXiv 2024 Link
Wang et al. Residual Stream Causal Attribution Vector Arithmetic ICLR 2025 Link
Wang et al. Residual Stream Causal Attribution Vector Arithmetic NeurIPS 2025 Link
Ferreira et al. Residual Stream Causal Attribution Vector Arithmetic ICML 2025 Link
Huang et al. Residual Stream Causal Attribution Vector Arithmetic ICML 2025 Link
Pan et al. Residual Stream Causal Attribution Vector Arithmetic ICML 2025 Link
Chuang et al. Residual Stream Vocab Projection Vector Arithmetic ICLR 2024 Link
Chen et al. Residual Stream Vocab Projection Vector Arithmetic ICML 2024 Link
Zhang et al. Residual Stream Probing Vector Arithmetic ACL 2024 Link
Orgad et al. Residual Stream Probing Vector Arithmetic ICLR 2025 Link
Stolfo et al. Residual Stream Gradient Detection Vector Arithmetic ICLR 2025 Link
Fairness and Bias (Improve Alignment)
Cai et al. FFN Causal Attribution Targeted Optimization ICIC 2024 Link
Ahsan et al. FFN Causal Attribution Amplitude Manipulation EMNLP 2025 Link
Li and Gao FFN Vocab Projection Targeted Optimization ACL 2025 Link
Vig et al. Attention Causal Attribution Amplitude Manipulation Neur[PS 2020 Link
Chintam et al. Attention Causal Attribution Targeted Optimization ACLWS 2023 Link
Wang et al. Attention Magnitude Analysis Amplitude Manipulation ICLR 2025 Link
Chandna et al. Attention Magnitude Analysis Amplitude Manipulation TMLR 2025 Link
Dimino et al. Attention Magnitude Analysis - ICAIF 2025 Link
Kim et al. Attention Probing Vector Arithmetic ICLR 2025 Link
Liu et al. Neuron Gradient Detection Amplitude Manipulation ICLR 2024 Link
Yu and Ananiadou Neuron Circuit Discovery Targeted Optimization ArXiv 2025 Link
Yu et al. Residual Stream Causal Attribution - ArXiv 2025 Link
Guan et al. Residual Stream - Amplitude Manipulation ICML 2025 Link
Yu et al. Residual Stream Magnitude Analysis Amplitude Manipulation ACL 2025 Link
Raimondi et al. Residual Stream Causal Attribution Amplitude Manipulation ArXiv 2025 Link
Persona and Role (Improve Alignment)
Su et al. Neuron Causal Attribution Amplitude Manipulation EMNLP 2025 Link
Deng et al. Neuron Causal Attribution Amplitude Manipulation ICLR 2025 Link
Chen et al. Neuron Causal Attribution Targeted Optimization ICML 2024 Link
Rimsky et al. Residual Stream Causal Attribution Vector Arithmetic ACL 2024 Link
Poterti et al. Residual Stream Causal Attribution Vector Arithmetic EMNLP 2025 Link
Chen et al. Residual Stream Causal Attribution Vector Arithmetic ArXiv 2025 Link
Handa et al. Residual Stream Causal Attribution Vector Arithmetic NeurIPS 2025 Link
Tak et al. Residual Stream Probing Vector Arithmetic ACL 2025 Link
Yuan et al. Residual Stream Probing - ArXiv 2025 Link
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https://aclanthology.org/2025.findings-acl.679/
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Paper Object Localizing Method Steering Method Venue Year Link
Juetal. Residual Stream Probing Targeted Optimization COLM 2025 Link
Karny et al. Residual Stream Causal Attribution - ArXiv 2025 Link
Banayeeanzade et al. Residual Stream Causal Attribution Vector Arithmetic ArXiv 2025 Link
Bas and Novak Residual Stream Causal Attribution Vector Arithmetic ArXiv 2025 Link
Sun et al. Residual Stream Causal Attribution Vector Arithmetic EMNLP 2025 Link
Pai et al. Residual Stream Causal Attribution Vector Arithmetic ArXiv 2025 Link
Joshi et al. Residual Stream Probing - EMNLP 2024 Link
Ghandeharioun et al. Residual Stream Causal Attribution Vector Arithmetic NeurIPS 2024 Link
Logic and Reasoning (Improve Capability)
Wu et al. Token Embedding Gradient Detection - ICML 2023 Link
You et al. Token Embedding Magnitude Analysis - EMNLP 2025 Link
Cywiniski et al. Token Embedding Causal Attribution Amplitude Manipulation Blog 2025 Link
Wang et al. FFN Magnitude Analysis Amplitude Manipulation ArXiv 2025 Link
Yu and Ananiadou Attention Magnitude Analysis Amplitude Manipulation EMNLP 2024 Link
Zhang et al. Attention Causal Attribution Targeted Optimization ICML 2024 Link
Yu and Ananiadou Attention Causal Attribution Amplitude Manipulation EMNLP 2024 Link
Yu et al. Attention Causal Attribution - EMNLP 2025 Link
Stolfo et al. FFN& Attention Causal Attribution - EMNLP 2023 Link
Akter et al. FFN& Attention Causal Attribution - COMPSAQ024 Link
Yang et al. FFN& Attention Magnitude Analysis - ArXiv 2024 Link
Quirke and Barez FFN& Attention Causal Attribution Amplitude Manipulation ICLR 2024 Link
Chen et al. FFN& Attention Gradient Detection Targeted Optimization ACL 2025 Link
Hanna et al. FFN& Attention Circuit Discovery - NeurIPS 2023 Link
Nikankin et al. FFN& Attention Circuit Discovery - ICLR 2025 Link
Galichin et al. SAE Feature Magnitude Analysis Vector Arithmetic ArXiv 2025 Link
Pach et al. SAE Feature Magnitude Analysis Amplitude Manipulation ArXiv 2025 Link
Troitskii et al. SAE Feature Magnitude Analysis Amplitude Manipulation EMNLP 2025 Link
Venhoff et al. Residual Stream Causal Attribution Vector Arithmetic ICLR 2025 Link
Hgjer et al. Residual Stream Causal Attribution Vector Arithmetic ICLR 2025 Link
Tang et al. Residual Stream Causal Attribution Vector Arithmetic ACL 2025 Link
Hong et al. Residual Stream Causal Attribution Vector Arithmetic ACL 2025 Link
Zhang and Viteri Residual Stream Causal Attribution Vector Arithmetic ICLR 2025 Link
Liu et al. Residual Stream Causal Attribution Vector Arithmetic ArXiv 2025 Link
Sinii et al. Residual Stream Causal Attribution Vector Arithmetic EMNLP 2025 Link
Liet al. Residual Stream Causal Attribution Vector Arithmetic EMNLP 2025 Link
Ward et al. Residual Stream Causal Attribution Vector Arithmetic ICML 2025 Link
Biran et al. Residual Stream Probing - EMNLP 2024 Link
Ye et al. Residual Stream Probing - ICLR 2025 Link
Sun et al. Residual Stream Probing - EMNLP 2025 Link
Wang et al. Residual Stream Probing Vector Arithmetic AAAI 2026 Link
Tan et al. Residual Stream Vocab Projection Targeted Optimization ArXiv 2025 Link
Multilingualism (Improve Capability)
Xie et al. Neuron Magnitude Analysis Amplitude Manipulation ACL 2021 Link
Kojima et al. Neuron Magnitude Analysis Amplitude Manipulation NAACL 2024 Link
Tang et al. Neuron Magnitude Analysis Amplitude Manipulation ACL 2024 Link
Zhao et al. Neuron Magnitude Analysis Amplitude Manipulation NeurIPS 2024 Link
Gurgurov et al. Neuron Magnitude Analysis Amplitude Manipulation ArXiv 2025 Link
Liu et al. Neuron Magnitude Analysis Amplitude Manipulation EMNLP 2025 Link
Jing et al. Neuron Magnitude Analysis Amplitude Manipulation EMNLP 2025 Link
Andrylie et al. SAE Feature Magnitude Analysis Amplitude Manipulation ArXiv 2025 Link
Brinkmann et al. SAE Feature Magnitude Analysis Amplitude Manipulation NAACL 2025 Link
Libovicky et al. Residual Stream Probing - EMNLP 2020 Link
Chi et al. Residual Stream - Vector Arithmetic ACL 2023 Link
Philippy et al. Residual Stream Magnitude Analysis Vector Arithmetic ACL 2023 Link
Wendler et al. Residual Stream Vocab Projection Vector Arithmetic ACL 2024 Link
Mousi et al. Residual Stream Magnitude Analysis Vector Arithmetic ACL 2024 Link
Hinck et al. Residual Stream Probing Vector Arithmetic EMNLP 2024 Link
Zhang et al. Residual Stream Magnitude Analysis Vector Arithmetic ACL 2025 Link
Wang et al. Residual Stream Vocab Projection Vector Arithmetic ACL 2025 Link
Wu et al. Residual Stream Vocab Projection - ICLR 2025 Link
Wang et al. Residual Stream Vocab Projection Vector Arithmetic EMNLP 2025 Link
Nie et al. Residual Stream Vocab Projection Vector Arithmetic EMNLP 2025 Link
Liu et al. Residual Stream Vocab Projection Vector Arithmetic EMNLP 2025 Link
Knowledge Management (Improve Capability)
Meng et al. FFN Causal Attribution Targeted Optimization NeurIPS 2022 Link
Meng et al. FFN Causal Attribution Targeted Optimization ICLR 2023 Link
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https://openreview.net/pdf?id=z9SbcYYP0M
https://arxiv.org/abs/2511.00230
https://arxiv.org/abs/2510.04484
https://arxiv.org/abs/2511.18284
https://aclanthology.org/2025.emnlp-main.1253/
https://arxiv.org/abs/2510.10157
https://aclanthology.org/2024.emnlp-main.364/
https://proceedings.neurips.cc/paper_files/paper/2024/file/e40d5118ee8f837729fa877add71c38f-Paper-Conference.pdf
https://arxiv.org/abs/2307.13339
https://aclanthology.org/2025.emnlp-main.382/
https://www.alignmentforum.org/posts/YGAimivLxycZcqRFR/can-we-interpret-latent-reasoning-using-current-mechanistic
https://doi.org/10.48550/arXiv.2505.14681
https://doi.org/10.18653/v1/2024.emnlp-main.192
https://openreview.net/forum?id=CfOtiepP8s
https://aclanthology.org/2024.emnlp-main.193/
https://aclanthology.org/2025.emnlp-main.567/
https://doi.org/10.18653/v1/2023.emnlp-main.435
https://doi.org/10.1109/COMPSAC61105.2024.00143
https://arxiv.org/abs/2412.03944
https://openreview.net/forum?id=rIx1YXVWZb
https://aclanthology.org/2025.acl-long.1369/
http://papers.nips.cc/paper_files/paper/2023/hash/efbba7719cc5172d175240f24be11280-Abstract-Conference.html
https://openreview.net/forum?id=O9YTt26r2P
https://arxiv.org/abs/2503.18878
https://doi.org/10.48550/arXiv.2504.02821
https://aclanthology.org/2025.findings-emnlp.1012/
https://arxiv.org/pdf/2506.18167
https://arxiv.org/abs/2504.19483
https://aclanthology.org/2025.acl-long.339/
https://aclanthology.org/2025.findings-acl.1111/
https://arxiv.org/abs/2409.14026
https://arxiv.org/abs/2506.15882
https://arxiv.org/abs/2505.18706
https://aclanthology.org/2025.emnlp-main.552/
https://doi.org/10.48550/arXiv.2507.12638
https://doi.org/10.18653/v1/2024.emnlp-main.781
https://openreview.net/forum?id=Tn5B6Udq3E
https://aclanthology.org/2025.emnlp-main.411/
https://arxiv.org/abs/2511.19131
https://arxiv.org/abs/2512.19673v1
https://aclanthology.org/2021.acl-long.445/
https://aclanthology.org/2024.naacl-long.384/
https://aclanthology.org/2024.acl-long.309/
https://proceedings.neurips.cc/paper_files/paper/2024/file/1bd359b32ab8b2a6bbafa1ed2856cf40-Paper-Conference.pdf
https://arxiv.org/abs/2507.22608
https://aclanthology.org/2025.emnlp-main.52/
https://aclanthology.org/2025.emnlp-main.1433/
https://arxiv.org/abs/2507.11230
https://aclanthology.org/2025.naacl-long.312/
https://aclanthology.org/2020.findings-emnlp.150/
https://aclanthology.org/2023.findings-acl.796/
https://aclanthology.org/2023.sigtyp-1.3/
https://aclanthology.org/2024.acl-long.820/
https://aclanthology.org/2024.acl-long.344/
https://aclanthology.org/2024.findings-emnlp.783/
https://aclanthology.org/2025.acl-long.239/
https://aclanthology.org/2025.acl-long.253/
https://openreview.net/forum?id=FrFQpAgnGE
https://aclanthology.org/2025.emnlp-main.132/
https://aclanthology.org/2025.findings-emnlp.37/
https://aclanthology.org/2025.findings-emnlp.113/
https://openreview.net/forum?id=-h6WAS6eE4
https://openreview.net/forum?id=MkbcAHIYgyS

Paper Object Localizing Method Steering Method Venue Year Link
Lai et al. Attention Magnitude Analysis Targeted Optimization ICML 2025 Link
Liet al. Attention Magnitude Analysis Amplitude Manipulation ICML 2025 Link
Jin et al. Attention Magnitude Analysis Amplitude Manipulation ICML 2025 Link
Jin et al. Attention Circuit Discovery Amplitude Manipulation ACL 2024 Link
Lv et al. Attention Causal Attribution Amplitude Manipulation ArXiv 2024 Link
Niu et al. Attention Causal Attribution Amplitude Manipulation ACL 2025 Link
Zhao et al. Attention Probing Targeted Optimization EMNLP 2025 Link
Yadav et al. FFN& Attention Magnitude Analysis Vector Arithmetic NeurIPS 2023 Link
Yu and Ananiadou FFN& Attention Magnitude Analysis Amplitude Manipulation EMNLP 2024 Link
Zhang et al. FFN& Attention Magnitude Analysis Targeted Optimization ACL 2024 Link
Chen et al. FFN& Attention Magnitude Analysis Amplitude Manipulation ICLR 2025 Link
Lietal. FFN& Attention Magnitude Analysis Targeted Optimization AAAI 2025 Link
Muhamed and Smith FFN& Attention Magnitude Analysis - ICML 2025 Link
Yao et al. FFN& Attention Circuit Discovery Amplitude Manipulation Neur[PS 2024 Link
Duet al. FFN& Attention Probing Targeted Optimization ArXiv 2024 Link
Zhang et al. FFN& Attention Gradient Detection Targeted Optimization ACL 2024 Link
Liu et al. FFN& Attention Gradient Detection Vector Arithmetic ACL 2025 Link
Geva et al. FFN& Attention Causal Attribution - EMNLP 2023 Link
Zhang et al. Neuron Magnitude Analysis Targeted Optimization COLING 2025 Link
Chen et al. Neuron Gradient Detection Amplitude Manipulation AAAT 2024 Link
Shi et al. Neuron Gradient Detection Amplitude Manipulation NeurIPS 2024 Link
Chen et al. Neuron Gradient Detection Amplitude Manipulation AAAT 2025 Link
Kassem et al. Neuron - Amplitude Manipulation EMNLP 2025 Link
Muhamed et al. SAE Feature Magnitude Analysis Amplitude Manipulation ICML 2025 Link
Goyal et al. SAE Feature Magnitude Analysis Amplitude Manipulation EMNLP 2025 Link
Marks et al. SAE Feature Circuit Discovery Amplitude Manipulation ICLR 2025 Link
Kang and Choi Residual Stream Probing - EMNLP 2023 Link
Katz et al. Residual Stream Vocab Projection Targeted Optimization EMNLP 2024 Link
Wu et al. Residual Stream Causal Attribution Targeted Optimization NeurIPS 2024 Link
Zhao et al. Residual Stream Probing - ArXiv 2024 Link
Juetal. Residual Stream Probing - COLING 2024 Link
Jinetal. Residual Stream Probing - COLING 2025 Link
Chen et al. Residual Stream Probing Vector Arithmetic NeurIPS 2025 Link
Efficient Training (Improve Efficiency)
Sergeev and Kotelnikov Attention Magnitude Analysis Targeted Optimization ICAI 2025 Link
Olsson et al. Attention Magnitude Analysis - ArXiv 2022 Link
Wang et al. Attention Magnitude Analysis - ArXiv 2024 Link
Singh et al. Attention Magnitude Analysis - ICML 2024 Link
Hoogland et al. Attention Magnitude Analysis - TLMR 2025 Link
Minegishi et al. Attention Magnitude Analysis - ICLR 2025 Link
Lai et al. Attention Magnitude Analysis Vector Arithmetic ICML 2025 Link
Thilak et al. Attention& FFN Magnitude Analysis - Neur[PS 2022 Link
Varma et al. Attention& FFN Magnitude Analysis - ArXiv 2023 Link
Furuta et al. Attention& FFN Magnitude Analysis - TMLR 2024 Link
Nanda et al. Attention& FFN Magnitude Analysis - ICLR 2023 Link
Notsawo Jr et al. Attention& FFN Magnitude Analysis - ArXiv 2023 Link
Qiye et al. Attention& FFN Magnitude Analysis - ArXiv 2024 Link
Liu et al. Attention& FFN Magnitude Analysis - ICLR 2023 Link
Wang et al. Attention& FFN Magnitude Analysis - NeurIPS 2024 Link
Huang et al. Attention& FFN Magnitude Analysis - COLM 2024 Link
Liet al. Attention& FFN Circuit Discovery Targeted Optimization ArXiv 2025 Link
Panigrahi et al. Neuron Magnitude Analysis Targeted Optimization ICML 2023 Link
Zhu et al. Neuron Gradient Detection Targeted Optimization ACL 2024 Link
Song et al. Neuron Gradient Detection Targeted Optimization ICML 2024 Link
Zhang et al. Neuron Magnitude Analysis Targeted Optimization ACL 2023 Link
Xu et al. Neuron Magnitude Analysis Targeted Optimization COLING 2025 Link
Mondal et al. Neuron Magnitude Analysis Targeted Optimization ACL 2025 Link
Gurgurov et al. Neuron Magnitude Analysis Targeted Optimization AACL 2025 Link
Zhao et al. Neuron Causal Attribution Targeted Optimization NeurIPS 2024 Link
Lietal. Neuron Magnitude Analysis - ArXiv 2025 Link
Efficient Inference (Improve Efficiency)
Xia et al. Token Embedding Gradient Detection Amplitude Manipulation EMNLP 2025 Link
Lei et al. Token Embedding Gradient Detection Amplitude Manipulation ArXiv 2025 Link
Guo et al. Token Embedding Magnitude Analysis Amplitude Manipulation EMNLP 2024 Link
Ye et al. Token Embedding Magnitude Analysis Amplitude Manipulation AAAI 2025 Link
He et al. Token Embedding Magnitude Analysis Amplitude Manipulation Neur[PS 2024 Link
Cai et al. Token Embedding Magnitude Analysis Amplitude Manipulation COLM 2025 Link
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https://openreview.net/forum?id=Lllg9YjAFX
https://openreview.net/forum?id=0cEZyhHEks
https://openreview.net/forum?id=1SMcxxQiSL
https://doi.org/10.18653/v1/2024.findings-acl.70
https://arxiv.org/abs/2403.19521
https://aclanthology.org/2025.acl-long.791/
https://aclanthology.org/2025.emnlp-main.1450/
https://proceedings.neurips.cc/paper_files/paper/2023/hash/1644c9af28ab7916874f6fd6228a9bcf-Abstract-Conference.html
https://aclanthology.org/2024.emnlp-main.191.pdf
https://doi.org/10.18653/v1/2024.findings-acl.445
https://openreview.net/forum?id=tfyHbvFZ0K
https://doi.org/10.1609/aaai.v39i23.34621
https://openreview.net/forum?id=qKh7Aip3JC
https://proceedings.neurips.cc/paper_files/paper/2024/file/d6df31b1be98e04be48af8bedb95b499-Paper-Conference.pdf
https://doi.org/10.48550/arXiv.2410.04524
https://aclanthology.org/2024.acl-long.338/
https://aclanthology.org/2025.findings-acl.984/
https://aclanthology.org/2023.emnlp-main.751.pdf
https://aclanthology.org/2025.coling-main.385/
https://ojs.aaai.org/index.php/AAAI/article/view/29735
http://papers.nips.cc/paper_files/paper/2024/hash/08a9e28c96d016dd63903ab51cd085b0-Abstract-Conference.html
https://doi.org/10.1609/aaai.v39i22.34529
https://aclanthology.org/2025.emnlp-main.1641/
https://openreview.net/pdf?id=8gFO7ebDLT
https://aclanthology.org/2025.emnlp-main.641/
https://arxiv.org/pdf/2403.19647
https://aclanthology.org/2023.findings-emnlp.518.pdf
https://doi.org/10.18653/v1/2024.emnlp-main.142
https://proceedings.neurips.cc/paper_files/paper/2024/hash/75008a0fba53bf13b0bb3b7bff986e0e-Abstract-Conference.html
https://arxiv.org/abs/2410.16090
https://aclanthology.org/2024.lrec-main.722.pdf
https://aclanthology.org/2025.coling-main.37.pdf
https://openreview.net/forum?id=Qvvy0X63Fv
https://arxiv.org/abs/2511.23375
https://arxiv.org/abs/2209.11895
https://openreview.net/forum?id=1lFZusYFHq
https://dl.acm.org/doi/abs/10.5555/3692070.3693925
https://arxiv.org/abs/2402.02364
https://openreview.net/forum?id=LNMfzv8TNb
https://openreview.net/pdf?id=Lllg9YjAFX
https://openreview.net/pdf?id=lY1e0PNkSJ
https://arxiv.org/pdf/2309.02390
https://openreview.net/forum?id=MzSf70uXJO
https://openreview.net/forum?id=9XFSbDPmdW
https://arxiv.org/abs/2306.13253
https://arxiv.org/pdf/2412.10898
https://openreview.net/forum?id=zDiHoIWa0q1
https://proceedings.neurips.cc/paper_files/paper/2024/file/ad217e0c7fecc71bdf48660ad6714b07-Paper-Conference.pdf
https://arxiv.org/pdf/2402.15175
https://www.arxiv.org/pdf/2502.06106
https://arxiv.org/abs/2302.06600
https://aclanthology.org/2024.acl-long.656/
https://dl.acm.org/doi/10.5555/3692070.3693945
https://aclanthology.org/2023.acl-long.95/
https://aclanthology.org/2025.coling-main.630/
https://aclanthology.org/2025.insights-1.6/
https://arxiv.org/abs/2510.13580
https://proceedings.neurips.cc/paper_files/paper/2024/file/1bd359b32ab8b2a6bbafa1ed2856cf40-Paper-Conference.pdf
https://openreview.net/forum?id=cG1EbmWiSs
https://aclanthology.org/2025.emnlp-main.165/
https://arxiv.org/abs/2506.01097
https://aclanthology.org/2024.emnlp-main.1178/
https://ojs.aaai.org/index.php/AAAI/article/view/34366
https://proceedings.neurips.cc/paper_files/paper/2024/hash/7e57131fdeb815764434b65162c88895-Abstract-Conference.html
https://openreview.net/forum?id=ayi7qezU87

Paper Object Localizing Method Steering Method Venue Year Link
Luetal. FFN Magnitude Analysis Amplitude Manipulation ACL 2024 Link
Yu et al. FFN Magnitude Analysis Amplitude Manipulation Arxiv 2024 Link
Suet al. FFN Magnitude Analysis Amplitude Manipulation ArXiv 2025 Link
Xiao et al. Attention Magnitude Analysis Amplitude Manipulation ICLR 2024 Link
Suet al. Attention Magnitude Analysis Amplitude Manipulation IDCAI 2025 Link
Bietal. Attention Magnitude Analysis - CVPR 2025 Link
Tang et al. Attention Circuit Discovery Amplitude Manipulation ICLR 2025 Link
Xiao et al. Attention Circuit Discovery Amplitude Manipulation ICLR 2025 Link
Xiao et al. FFN& Attention Magnitude Analysis Amplitude Manipulation NeurIPS 2022 Link
Sun et al. FFN& Attention Magnitude Analysis - NeurIPS 2024 Link
Lin et al. FFN& Attention Magnitude Analysis Amplitude Manipulation MLSyS 2024 Link
Ashkboos et al. FFN& Attention Magnitude Analysis Amplitude Manipulation NeurIPS 2025 Link
Su and Yuan FFN& Attention Circuit Discovery - COLM 2025 Link
Anetal. FFN& Attention Circuit Discovery - ICLR 2025 Link
Bondarenko et al. FFN& Attention Circuit Discovery - NeurIPS 2023 Link
Liu et al. Neuron Magnitude Analysis Amplitude Manipulation ArXiv 2024 Link
Tan et al. Neuron Magnitude Analysis - EMNLP 2024 Link
Laitenberger et al. Residual Stream Magnitude Analysis Amplitude Manipulation ArXiv 2025 Link
Wang et al. Residual Stream Magnitude Analysis Amplitude Manipulation EMNLP 2023 Link
Shelke et al. Residual Stream Magnitude Analysis Amplitude Manipulation ACL 2024 Link
Lawson and Aitchison Residual Stream Magnitude Analysis Amplitude Manipulation ArXiv 2025 Link
Men et al. Residual Stream Magnitude Analysis Amplitude Manipulation ACL 2025 Link
Dumitru et al. Residual Stream Magnitude Analysis - ArXiv 2024 Link
Zhang et al. Residual Stream Magnitude Analysis - ArXiv 2025 Link
Xiao et al. Residual Stream Magnitude Analysis - ArXiv 2025 Link
Valade Residual Stream Probing Amplitude Manipulation ArXiv 2024 Link
Elhoushi et al. Residual Stream Probing Amplitude Manipulation ACL 2024 Link
Ranjan and Savakis Residual Stream Gradient Detection - ArXiv 2025 Link
Zeng et al. Residual Stream Vocab Projection - ArXiv 2024 Link
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https://aclanthology.org/2024.acl-long.334/
https://arxiv.org/abs/2411.07191
https://arxiv.org/abs/2507.23279
https://openreview.net/forum?id=NG7sS51zVFO
https://www.ijcai.org/proceedings/2025/690
https://openaccess.thecvf.com/content/CVPR2025/papers/Bi_Unveiling_Visual_Perception_in_Language_Models_An_Attention_Head_Analysis_CVPR_2025_paper.pdf
https://iclr.cc/virtual/2025/poster/28028
https://openreview.net/forum?id=cFu7ze7xUm
https://neurips.cc/virtual/2022/61716
https://openreview.net/forum?id=F7aAhfitX6
https://proceedings.mlsys.org/paper_files/paper/2024/file/42a452cbafa9dd64e9ba4aa95cc1ef21-Paper-Conference.pdf
https://dl.acm.org/doi/10.5555/3737916.3741096
https://openreview.net/forum?id=gIqb6zWZoO
https://openreview.net/forum?id=rLX7Vyyzus
https://proceedings.neurips.cc/paper_files/paper/2023/hash/edbcb7583fd8921dad78adecfe06a99b-Abstract-Conference.html
https://openreview.net/forum?id=nUtrPN0GHX
https://aclanthology.org/2024.emnlp-main.374/
https://arxiv.org/abs/2510.13876
https://aclanthology.org/2023.findings-emnlp.283/
https://aclanthology.org/2024.paclic-1.68/
https://arxiv.org/abs/2506.21103
https://aclanthology.org/2025.findings-acl.1035/
https://arxiv.org/abs/2406.17415
https://arxiv.org/abs/2503.06518
https://arxiv.org/abs/2508.03332
https://arxiv.org/abs/2407.21082
https://aclanthology.org/2024.acl-long.681/
https://arxiv.org/abs/2501.06357
https://arxiv.org/abs/2412.18135

