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Abstract

Transformer-based language models exhibit complex and distributed behavior,
yet their internal computations remain poorly understood. Existing mechanistic
interpretability methods typically treat attention heads and multilayer perceptron
layers (MLPs) (the building blocks of a transformer architecture) as indivisible
units, overlooking possibilities of functional substructure learned within them. In
this work, we introduce a more fine-grained perspective that decomposes these
components into orthogonal singular directions, revealing superposed and inde-
pendent computations within a single head or MLP. We validate our perspective
on widely used standard tasks like Indirect Object Identification (IOI), Gender
Pronoun (GP), and Greater Than (GT), showing that previously identified canon-
ical functional heads, such as the “name mover,” encode multiple overlapping
subfunctions aligned with distinct singular directions. Nodes in a computational
graph, that are previously identified as circuit elements show strong activation
along specific low-rank directions, suggesting that meaningful computations reside
in compact subspaces. While some directions remain challenging to interpret fully,
our results highlight that transformer computations are more distributed, structured,
and compositional than previously assumed. This perspective opens new avenues
for fine-grained mechanistic interpretability and a deeper understanding of model
internals.

1 Introduction

Language models (LMs) exhibit complex and often surprising capabilities across tasks [Radford
et al., 2019, Brown et al., 2020, Li et al., 2023, Javaheripi et al., 2023, Touvron et al., 2023, Jiang
et al., 2023, Grattafiori et al., 2024, Joshi et al., 2024], yet their internal computations remain poorly
understood. Mechanistic interpretability seeks to bridge this gap by identifying the circuits, i.e.,
networks of interacting components, that realize/show specific functions [Olah et al., 2020, Wang
et al., 2022]. Prior work has shown that these circuits can often be decomposed into submodules with
distinct roles such as copying, inhibition, or referencing [Wang et al., 2022]. Despite this progress, the
current state of circuit-discovery methods [Conmy et al., 2023, Syed et al., 2024, Bhaskar et al., 2024]
still view model components, such as attention heads and MLPs, as atomic units of computation.
Methods such as causal tracing [Meng et al., 2022], activation patching [Wang et al., 2022], and
attribution-based analyses [Heimersheim and Nanda, 2024, Joshi et al., 2025b,a] typically probe/patch
or ablate entire components to assess their functional contribution. While these techniques have
produced valuable insights, they inherently assume that functionality aligns cleanly with component
boundaries. In practice, however, transformer layers may multiplex multiple subfunctions within
a single head or MLP, meaning that treating components as monolithic units risks overlooking the
fine-grained structure of computation within these modules.
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While most existing methods analyze/study transformer components as monolithic units, recent work
has begun to question this assumption by investigating the internal structure of these components.
Merullo et al. [2024b], for instance, introduced a low-rank perspective showing that attention heads
communicate through specific singular directions in residual space, defined by the singular vectors of
their value matrices. However, this analysis primarily captures inter-component communication, how
heads “talk” to one another via low-rank channels, while leaving intra-component decomposition
largely unexplored, i.e., how a single head might multiplex multiple independent functions within its
internal subspace.

In this work, we extend this perspective, which goes beyond the attention heads with additional
inclusion of MLP layers, leading to a comprehensive directional view of transformer blocks. This
reveals that low-rank, distributed computations are a general feature of transformer architectures.
Moreover, components identified as part of known circuits [Wang et al., 2022, Conmy et al., 2023,
Syed et al., 2024, Bhaskar et al., 2024] exhibit strong engagement along specific singular directions,
suggesting that meaningful computations are embedded within compact subspaces. We further
demonstrate/validate this perspective on the widely popular canonical tasks like Indirect Object
Identification (IOI) [Wang et al., 2022], Gender Pronoun (GP) [Mathwin et al., 2023], and Greater
Than (GT) [Hanna et al., 2023]. In IOI, for instance, our analysis identifies dominant singular
directions within the same heads previously characterized as “name movers,” [Wang et al., 2022],
showing that only a sparse subset of these directions meaningfully contributes to task performance.
Using our proposed optimization scheme, we learn direction-level masks that remain highly sparse
while closely replicating the model’s original behavior, indicating that transformer computations
can be effectively captured by a compact set of low-rank subfunctions. Moreover, the directions
corresponding to established IOI heads exhibit notably higher activation and mask weights compared
to other heads, supporting the view that known circuit components operate through a small number
of active, interpretable directions. In a nutshell, we make the following contributions:

• We introduce a directional interpretability perspective that models transformer components (atten-
tion and MLP) as superpositions of orthogonal subfunctions rather than atomic units.

• We demonstrate this via including an optimization-based masking scheme that identifies functionally
important singular directions within attention and MLP layers, enabling direction-level attribution.

• We provide empirical evidence that multiple low-rank, interpretable computations coexist within
single attention heads and MLPs, which diverge from the standard assumptions about circuit
modularity.

Our findings suggest that transformer computations are not strictly modular but rather distributed,
compact, and compositional, with overlapping subfunctions embedded within shared subspaces. This
perspective reframes transformer interpretability through the lens of functional directions, opening a
new avenue for analyzing, editing, and understanding model behavior at the subcomponent level.

Beyond component-level decomposition, our study/investigations reveal an interesting uncovering
that transformer layers naturally form stable, controllable directions in logit space, each aligned with
a specific set of tokens (which we also term as logit receptors, more details in Appendix B.2). These
directions can be thought of as intrinsic mechanisms that the model selectively activates depending on
the input context. For example, in gender pronoun resolution, certain directions consistently influence
the logits toward tokens “ he” or “ she,” with their activation strengths varying systematically in
response to context. Importantly, we find that just scalar interventions along these directions can
reliably control/modify the model’s predictions (also see Figure 2), demonstrating that these low-rank,
interpretable subspaces may form interpretable building blocks of model computation. This insight
provides a natural, mechanistic basis for studying how distributed computations within single heads
and MLPs implement distinct functional behaviors, and motivates the fine-grained directional analysis
presented in this work.

Overall, we believe that this perspective reframes how we think about transformer computations,
i.e., rather than being confined to monolithic components, meaningful behaviors are often embedded
in low-rank subspaces that can be independently manipulated and interpreted. This opens the door
to more precise mechanistic studies, targeted model editing, and fine-grained attribution methods,
and suggests that future interpretability work should consider the functional decomposition of
components along intrinsic directions as a fundamental lens for understanding model behavior for
abstract interpretable concepts learned by these models. We release our codebase for the experiments
and additional results at https://github.com/Exploration-Lab/Beyond-Components.
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2 A Unified Linear View of Transformer Components

To operationalize our directional interpretability perspective, we begin by expressing transformer
computations in a unified linear form. We focus on decoder-only architectures and take the transformer
circuit formulation from Elhage et al. [2021] as our foundation. By representing both attention and
MLP transformations through augmented matrices that jointly include the learned weights and biases,
we obtain a consistent linear representation across all components. This “folding in” of biases (i.e.,
appending a constant dimension to the input and incorporating bias terms into the matrix) allows us
to apply Singular Value Decomposition (SVD) uniformly to both attention and MLP layers. The
resulting formulation enables us to analyze orthogonal directions across different components within
a shared framework, laying the groundwork for the fine-grained decomposition.

Attention Mechanism (Query Key (QK) Interaction) In a standard decoder-only transformer
architecture [Radford et al., 2019], each attention head computes attention scores via the dot product
between query and key row vectors

α
(h)
ij = Softmaxj

(
q
(h)
i · k(h)⊤

j√
dhead

)
,

where q
(h)
i = xiW

(h)
Q + b

(h)
Q and k

(h)
j = xjW

(h)
K + b

(h)
K . Expanding the dot product gives

qi k
⊤
j = xiWQW

⊤
Kx⊤

j + xiWQb
⊤
K + bQW

⊤
Kx⊤

j + bQb
⊤
K .

To express this interaction compactly as a single linear operation, we introduce an augmented matrix
formulation that incorporates both weights and biases

[1,xi]W
(QK)
aug

[
1
x⊤
j

]
= qi · k⊤

j .

where the augmented weight matrix is defined as

W(QK)
aug =

(
bQb

⊤
K bQW

⊤
K

WQb
⊤
K WQW

⊤
K

)
,

Attention Mechanism (Output Value (OV) Projection) Following the computation of attention
weights, each head aggregates contextual information by taking a attention weighted sum of value
vectors, and projecting it into the residual stream using WO. This operation determines how
information is written back into the residual stream:

zi =
∑
j

αijvj , where vj = xjWV + bV .

Each head’s contribution is then projected through its output matrix:

y
(h)
i = ziW

(h)
O +

1

|H|
bO.

where, |H| is the number of heads. Substituting vj and rearranging terms, the OV transformation
becomes

y
(h)
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∑
j

αij

(
xjWV W

(h)
O + bV W

(h)
O

)
+

1

|H|
bO = [1 ,

∑
j

αijxj ]

(
bV W

(h)
O + 1

|H|bO

WV W
(h)
O

)
(1)

We thus define the augmented output matrix for each head as

W(OV )
aug =

(
bV W

(h)
O + 1

|H|bO

WV W
(h)
O

)
∈ R(1+dmodel)×dmodel .

MLP Layer Reformulation Beyond attention, transformer MLP blocks also consist of two affine
transformations separated by a nonlinearity. To maintain a consistent linear treatment across all
components, we explicitly separate these two projections and represent each using augmented
matrices that include both weights and biases:

y1 = xWin + bin, yout = f(y1)Wout + bout.
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The augmented representations are defined as:

W(in)
aug =

(
bin
Win

)
, W(out)

aug =

(
bout
Wout

)
.

Thus, both pre-activation and post-activation projections can be expressed as linear maps over
augmented input vectors [1, x], yielding a unified affine-to-linear transformation consistent with our
treatment of attention layers.

This unified formulation enables all major transformer subcomponents to be represented as linear
operators over augmented spaces, summarized as:

W(QK)
aug ∈ R(1+dmodel)×(1+dmodel) : for attention score computation

W(OV )
aug ∈ R(1+dmodel)×dmodel : for weighted input-to-output transformation

W(in)
aug ∈ R(1+dmodel)×dmlp : for MLP input projection

W(out)
aug ∈ R(1+dmlp)×dmodel : for MLP output projection

By expressing all these transformations in a common linear framework, we can perform low-rank
analyses such as SVD across both attention and MLP components in a consistent manner. This
perspective lays the groundwork for the directional interpretability approach introduced in the next
section, where we analyze how specific singular directions correspond to distinct, functionally
meaningful computations.

3 Directional Masking via Low-Rank Decomposition

Having established a unified linear formulation of transformer components (§2), we now turn to
identifying the specific functional directions that drive model behavior. Our goal is to decompose
each augmented attention or MLP matrix into a set of orthogonal directions, each representing an
independent computational axis, and to selectively intervene on these axes to understand their roles.

Rather than treating attention heads or MLP layers as monolithic units, we perform decomposition
on their augmented matrices, ensuring faithfulness to the model’s native computation flow while
enabling fine-grained directional attribution and masking. This formulation makes it possible to
characterize a component’s behavior not in terms of entire weight matrices, but in terms of a small
number of low-rank directions.

Singular Value Decomposition (SVD): Any real matrix M ∈ Rm×n admits a singular value
decomposition M = U ΣV ⊤, where U ∈ Rm×m and V ∈ Rn×n are orthogonal matrices, and
Σ ∈ Rm×n is a diagonal matrix of non-negative singular values σ1 ≥ σ2 ≥ · · · ≥ 0. This makes
singular vectors a natural coordinate system for direction-level interpretability, as they provide
orthonormal bases that isolate independent computational units embedded within a component.

Masking Directions: To isolate and investigate the contributions of individual computational
directions, we apply SVD to the augmented matrices of each attention head and MLP layer:

W(QK)
aug = UQK ΣQK V ⊤

QK ,

W(in)
aug = Uin Σin V

⊤
in ,

W(OV )
aug = UOV ΣOV V ⊤

OV ,

W(out)
aug = Uout Σout V

⊤
out,

Each decomposition expresses the component as a sum of rank-1 mappings, where each term rep-
resents an orthogonal direction that can, in principle, support a distinct subfunction (also used as
singular directions in the paper). To study the importance of these subfunctions, we introduce a learn-
able diagonal mask matrix M = diag(m1,m2, · · · ,mr),mi ∈ [0, 1], that scales the contribution of
each singular direction. The masked transformation is then defined as:

W̃aug = U ΣMV ⊤,

where higher entries of M retain or emphasize specific directions and lower entries suppress them.
This allows continuous, direction-level control over component behavior while maintaining differen-
tiability for optimization.
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To ensure interpretability and stability, we preserve the full representational span of the component
via:

U ΣV ⊤ = U ΣMV ⊤ + U Σ (I −M)V ⊤

This decomposition allows faithful interventions, i.e., the model’s downstream layers continue to
receive inputs within their expected distribution (seen while training), since the overall covariance
structure of activations remains intact. Thus, both masked and complementary subspaces are retained,
enabling controlled investigation without inducing distributional drift.

W̃(QK)
aug = UQK ΣQK MQK V ⊤

QK ∈ R(1+dmodel)×(1+dmodel)

W̃(OV )
aug =

[
UOV ΣOV MOV V ⊤

OV , UOV ΣOV (I −MOV )V
⊤
OV

]⊤ ∈ R(2(1+dmodel))×(dmodel)

W̃(in)
aug =

[
Uin Σin Min V

⊤
in , Uin Σin (I −Min)V

⊤
in

]⊤ ∈ R(2(1+dmodel))×(dmlp)

W̃(out)
aug =

[
Uout Σout Mout V

⊤
out, Uout Σout (I −Mout)V

⊤
out

]⊤ ∈ R(2(1+dmlp))×(dmodel)

This procedure provides a principled mechanism for identifying the causally relevant subspaces within
each transformer component, while keeping the model’s computations structurally and statistically
consistent with its pre-trained dynamics.

Note that for the QK matrices, we retain only the masked component UQK ΣQK MQK V ⊤
QK and

omit the complementary term UQK ΣQK (I −MQK)V ⊤
QK . This asymmetry arises from the distinct

functional role of the QK block, whereas the OV and MLP matrices operate on feature representations,
the QK matrices parameterize the attention kernel , the quadratic form that defines pairwise token
similarities. Introducing a complementary (I −M) subspace here would correspond to defining
additional, independent similarity maps within the same attention head. Because attention scores are
normalized via a single softmax, this would implicitly produce multiple incompatible superimposed
kernels, leading to interference and spurious correlations. In other words, if the true token represen-
tations x = {xi, xj} become correlated with irrelevant or spurious features xcorr = {xcorr

i , xcorr
j },

(which is often the case due to their similar framing/syntactic-style of xcorr
i ), the mixed terms

that arise from partially masked QK components can yield misleading similarity/attention scores:
sij ∝ mxiWQKx⊤

j + (1−m)xcorr
i WQKxcorr⊤

j . For instance, if xcorr
i WQKxcorr⊤

j term produces a
similarity score close to xiWQKx⊤

j , the training objective will incorrectly suppress the mask value
(m → 0) even if the component is genuinely useful for the task. Thus, we restrict QK masking
to the primary MQK , which preserves a single, coherent attention kernel while still permitting
direction-level ablations over its singular basis.

Optimization Objective. To identify the singular directions most responsible for a model’s behavior
on a given task, we optimize the learnable masks M to balance faithfulness (preserving model
behavior) and sparsity (selecting only a minimal subset of directions).

Let p(y | x) denote the original model’s predictive distribution, and pM(y | x) the distribution
obtained after applying the masked matrices. We define the optimization objective as:

LM = KL[p(y | x) ∥ pM(y | x)] + λ ∥diag(M)∥1,
where the KL divergence term encourages the masked model to reproduce the original model’s
behavior, and the ℓ1-regularization term promotes sparsity in the mask, selecting only a minimal
subset of singular directions. The trade-off coefficient λ governs the balance between behavioral
consistency (faithfulness) and sparsity.

This procedure (summarized in Algorithm 1) yields a low-rank, sparse decomposition, where each
retained singular direction captures a distinct, functionally meaningful axis of computation within the
model’s layers. While we use ℓ1-based sparsity here, ℓ0-regularization could provide an alternative
sparse selection mechanism [Bhaskar et al., 2024, Sung et al., 2021], and is left for future work.

To improve robustness and better isolate task-relevant directions, we feed the model concatenated
activations from both clean and corrupted inputs, where x denotes the clean activations from the
original input, and xcorrupt denotes corresponding corrupted or perturbed activations (e.g., with
noise or prompt that should consist of a small change to x that would result in a different label
in the task). The combination x, xcorrupt forms a joint input, leading to the next token prediction
pM(y | x) = f

(∑
k(mkx+(1−mk)xcorrupt)σkukv

⊤
k

)
(details in Algorithm 1), enabling the mask

optimization to identify singular directions that robustly capture task-relevant computations.
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Algorithm 1 Directional Mask Optimization via Singular Value Decomposition
Require: Pretrained model fθ, dataset D = {(x, y)}, sparsity coefficient λ,

1: Initialize learnable diagonal masks MQK ,MOV ,Min,Mout ∈ [0, 1]rank

2: for all components (attention heads and MLP layers) do
3: Construct augmented weight matrix Waug

4: Compute SVD: Waug = U ΣV ⊤

5: end for
6: Freeze model parameters θ; keep masks M learnable
7: for each batch (x, y) ∈ D do
8: Define helper function for joint representation:

h(x, xcorrupt,W) =
[
[1, x], [1, xcorrupt]

]
W

9: Define component-specific reconstruction functions, for each layer l:

g
(l)
attn =

|heads|∑
h=1

h

([∑
j
Softmaxj

(
[1,xi]W̃

QK,(l,h)
aug [1,xj ]

⊤
√
dhead

)
xj

]
, xcorrupt,W̃

OV,(l,h)
aug

)
g
(l)
mlp = h

(
GeLU

(
h(x, xin

corrupt,W̃
in,(l)
aug )

)
, xout

corrupt, W̃
out,(l)
aug

)
10: Run forward pass through masked model using both contributions:

pM(y | x) = Softmax

(
LayerNorm

[
embedding +

∑
l

(
g
(l)
attn + g

(l)
mlp

)]
WU + bU

)
11: Compute objective:

LM = KL[p(y | x) ∥ pM(y | x)] + λ ∥diag(M)∥1

12: Update M via gradient descent, and and reconstruct weights W̃aug

13: end for
14: return Learned masks M and reconstructed weights W̃aug

Note: x (row vector) denotes the running forward pass activations while optimization, and
xcorrupt (row vector) denotes the appropriate corresponding corrupted or perturbed activations,
that are fixed and obtained from a corrupted run.

4 Experiments

Having introduced directional masking, which decomposes each transformer component into or-
thogonal singular directions and enables selective interventions, we now ask: do these fine-grained
directions correspond to meaningful, task-relevant subfunctions within the model?

Prior interpretability studies have associated specific attention heads or MLP layers with distinct
behaviors, such as syntactic role tracking or inhibition [Wang et al., 2022, Conmy et al., 2023].
However, these analyses treat components as atomic units. In contrast, our approach allows us to
examine computation at the level of individual singular directions, revealing whether components
multiplex multiple independent computations along distinct low-rank axes.

We apply our method to a pretrained GPT-2 Small model [Radford et al., 2019], a tractable benchmark
widely used in mechanistic interpretability [Wang et al., 2022, Hanna et al., 2023]. To inspect
the generality of directional subfunctions, we evaluate the model on three representative tasks:
Indirect Object Identification (IOI) [Wang et al., 2022], which tests syntactic reasoning by examining
coreference resolution in sentences. Greater-Than (GT) [Hanna et al., 2023], where the model
predicts numerical tokens following a number in context, assessing its quantitative reasoning. Gender
Pronoun Resolution (GP) [Mathwin et al., 2023], which measures semantic reasoning by testing
pronoun-to-antecedent resolution in natural text. Full dataset details are provided in App. A.

We organize our experiments around four core research questions. R1) Can a small number of
learned singular directions faithfully preserve model behavior? R2) Do these directions align with
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Figure 1: Learned singular value masks for Query-Key (WQK
aug) matrices across all attention heads

in the model. High mask activations correspond to circuit components previously identified for the
IOI task [Wang et al., 2022]. Each head exhibits sparsity along its singular directions, revealing the
fine-grained subspaces driving task behavior.

components identified in prior circuit-level analyses? R3) Can our method decompose known
functional heads into interpretable sub-functions? R4) Can we discover new functional axes not
identifiable through standard component-level analysis?

For each attention and MLP component in the GPT-2 Small model, we extract its augmented
matrices W

(QK)
aug ,W

(OV )
aug ,W

(in)
aug and, W(out)

aug (as described in §2) and perform a singular value
decomposition. We retain all non-zero singular directions, corresponding to the actual matrix rank
rather than a fixed truncation. For the Query–Key (WQK

aug ) matrices, the effective rank is 64, hence
r = 64 reflects the full set of functional directions. Similarly, the Output-Value (WOV

aug) matrices
exhibit a rank of 65 after augmentation, while MLP layers typically retain their full non-zero
spectrum. Empirically, we found these truncations yield minuscule drops (in the range of (1e− 6))
in reconstruction faithfulness (KLD), confirming that the effective ranks of the augmented matrices
capture all functionally relevant subspaces.

Over these singular directions, we introduce a learnable diagonal mask that scales the singular values,
enabling direction-level modulation of each component’s contribution. The masks are optimized
using the objective defined in §3. The optimization in Algorithm 1 proceeds on mini-batches drawn
from each dataset, and optimization is stopped early once the held-out reconstruction loss stabilizes.
For corruption (xcorrupt), we follow the datasets provided by Bhaskar et al. [2024], and create an
additional set of datapoints for tasks GT and GP.

Our first experiment evaluates whether the model’s behavior can be faithfully reconstructed us-
ing only a small subset of learned singular directions (Table 1). Remarkably, across all datasets,
high-fidelity reconstruction is possible with far fewer directions than the full component. For
instance, the IOI task retains only ∼ 9% of directions relative to the full component while
achieving a KL divergence of 0.21 and an exact match of 0.77, demonstrating that a small frac-
tion of singular directions suffices to reproduce the model’s behavior. Similar patterns hold
for GT and GP, where over 95% of directions can be pruned with minimal impact on perfor-
mance. The learned masks are distinctly sparse, activating only a handful of directions per layer.
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Table 1: Comparison of sparsity, reconstruction fidelity, and task performance across datasets.
Sparsity is measured relative to the number of non-zero singular directions in each component
(“Relative”) and as a fraction of the full matrix size (“Full”). KL divergence quantifies reconstruction
loss, while accuracy (where applicable) and exact match show downstream task performance. Despite
extreme sparsity, the learned directions retain high behavioral fidelity. (see App. B.6 for sparsity
computations).

Dataset Sparsity (Rel / Full) KLD Acc. (Pruned / Full) Exact Match
IOI 91.32 / 98.66 0.21±0.02 0.70±0.07 / 0.79±0.05 0.77±0.06
GT 95.21 / 99.26 0.23±0.03 N/A 0.33±0.06
GP 96.81 / 99.51 0.13±0.01 0.75±0.04 / 0.77±0.04 0.86±0.07

he
she

Figure 2: The Figure shows intervention in the
logit receptor for the Gender Pronoun task. Con-
trolling the logit receptor using a scalar interven-
tion modifies the predicted logits.

These selected directions achieve substantially
lower KL divergence than top-k magnitude or
random SVD baselines, suggesting that task-
relevant computation is concentrated along spe-
cific, semantically meaningful directions rather
than the largest singular modes (quantitative de-
tails in App. B).

Next, we investigate how our learned singular
directions correspond to previously identified
mechanistic circuits, using the IOI task as a ref-
erence and comparing to ACDC [Conmy et al.,
2023] and Wang et al. [2022]. While prior anal-
yses treat entire attention heads as circuit partici-
pants, our direction-level decomposition reveals
that most heads exhibit strong activation along
only a few singular directions. In other words,
the coarse, component-level circuits reported in
previous work arise from finer, low-rank struc-
tures embedded within each head.

Figures 1, 5, and 6 visualize the learned singular-
value masks for Query-Key, OV, and MLP ma-
trices, respectively, across the full model. Heads
known to play key roles in IOI, such as Name
Mover, Backup Name Mover, and S-Inhibition
Wang et al. [2022], show consistently high acti-
vations across multiple singular directions, pin-
pointing the precise subspaces driving their be-
havior. Conversely, components not associated
with known circuits exhibit near-zero activations
across all directions (App. Figure 7), demonstrating that our optimization selectively isolates task-
relevant subspaces.

Overall, these results demonstrate that transformer components are not monolithic, and their internal
computation is distributed along a small number of interpretable, low-rank axes/bases. The presented
perspective thus bridges component-level circuit discovery and fine-grained mechanistic analysis,
providing a new lens to study how distinct computational roles coexist within the same architectural
unit.

Extending this perspective, we find that transformer layers contain inherent fixed directions in logit
space corresponding to stable token-preference axes. Task behavior emerges from dynamically
steering these directions via input-dependent scalar activations; in the Gender Pronoun task, for
instance, distinct “he” and “she” directions exist, and the model selectively activates them depending
on context. Scalar-based interventions confirm that these directions are causally relevant by flipping
gender pronoun predictions with perfect accuracy, demonstrating that low-rank subspaces serve as
modular, functional building blocks bridging representation and output behavior. All these results
provide a unified mechanistic view, i.e., computation is concentrated along sparse, interpretable
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singular directions within components, which in turn map to stable, task-relevant axes in logit space
(full details in App. B.2).

5 Functional Decomposition of Attention Head 9.6 via Singular Directions

Building on our discovery that transformer components distribute computation along low-rank,
interpretable directions, we next ask: what specific operations does a single head implement through
these directions? We focus on Head 9.6, previously identified as a key contributor to the IOI task
[Wang et al., 2022, Conmy et al., 2023, Bhaskar et al., 2024], and examine its singular directions
with high learned mask values. Our analysis reveals individual singular directions encode distinct,
separable operations, ranging from syntactic cues to semantic entity tracking, that collectively
support task performance. Table 9 summarizes the primary roles and their corresponding mask
values, highlighting how these directions act as interpretable computational primitives within a single
attention head.

Semantic Separation of Entities and Actions Some singular directions carve out conceptually
meaningful subspaces, revealing that attention heads implement abstract computations rather than
just capturing statistical variance. A striking example is the 7th singular direction (S7) in Head 9.6,
which consistently separates named entities (e.g., “Mary”, “Kevin”) from action-related tokens (e.g.,
“went”, “gave”). As shown in Table 7, entity tokens exhibit strong positive activations (+3.52±1.42),
while action tokens are suppressed (−4.44± 0.68). For instance, in the sentence “Jerry and Mary
went to the school. Mary gave a raspberry to”, S7 assigns high activations to “Jerry” (+2.87) and
“Mary” (+2.78), but negative values to “went” (−4.33) and “gave” (−4.17). This direction acts
like a semantic filter, splitting “who” from “what is being done,” creating a foundation upon which
downstream heads can operate.

Entity Salience and Detection Another key computation is performed by the 28th singular direction
(S28), which detects and amplifies the salience of named entities. In IOI prompts, tracking participants
across multiple mentions is critical, and S28 highlights entities regardless of their position or specific
lexical form. Table 8 shows that named entities receive high activations (e.g., “Susan”: 4.05, “Kevin”:
5.22), whereas function words like “the” and “of” remain low. Interestingly, first mentions often get
stronger activations than subsequent mentions (e.g., “Kevin”: 5.22, “Kevin_2”: 2.07), suggesting this
direction is sensitive to positional salience. We interpret S28 as an entity salience signal, priming
tokens for further grammatical and referential reasoning.

Sequence Initialization Detection The top singular direction (S1) implements a structural, positional
primitive, i.e., it assigns extremely high positive values to the first token in a sequence while giving
negligible or negative values to all others. Across prompts, the first token receives activations 20–25×
larger than subsequent tokens. This behavior is not unique to Head 9.6; similar patterns appear in
other heads and layers, independent of task, e.g., S1 of Head 0 in Layer 10, suggesting that sequence
initialization is a reusable primitive distributed across the network.

Summary and Implications All these examples show that Head 9.6 multiplexes multiple independent
computations through orthogonal singular directions: semantic discrimination (S7), entity salience
(S28), and sequence initialization (S1). This supports the hypothesis that transformer components
are integration points of overlapping, low-rank subfunctions, rather than monolithic units. The
directional perspective provides a fine-grained lens for mechanistic interpretability, isolating the
entangled computations within attention heads that would otherwise appear inseparable. Figure 8
summarizes the functional roles identified. Additional findings in App. B reinforce the idea that
circuits should be understood not at the level of whole heads, but as a collection of directions, each
contributing in distinct proportions to task-relevant behavior.

6 Related Work

Mechanistic interpretability seeks to break down neural networks into human-understandable com-
ponents. Prior work has uncovered specialized attention heads and MLP circuits supporting tasks
like indirect object identification and fact recall, typically treating heads or layers as atomic units
[Elhage et al., 2021, Wang et al., 2022, Meng et al., 2022]. Our work complements this by going
inside each head using singular value decomposition (SVD) on augmented weight matrices. This
reveals independent computational directions, each implementing a distinct function, such as semantic
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separation, entity salience, or sequence initialization in head 9.6. While past SVD-based analyses
focused on isolated components [Gao et al., 2024, Cunningham et al., 2023], we generalize the
approach across all core circuits, query-key, output-value, and MLP transformations, showing that
individual directions, rather than entire heads, can carry task-relevant computations. This perspective
also complements studies showing interdependencies across heads [Merullo et al., 2024a]. Instead of
modeling communication between heads, we decompose each head internally, highlighting low-rank
primitives that drive behavior. In doing so, we introduce a direction-level granularity, which provides
a finer, mechanistically meaningful lens on model computation and opens a path toward understanding
how overlapping subfunctions combine within a single attention head.

7 Discussion and Limitations

Rethinking Transformer Components. Our work emphasizes a simple but powerful idea: trans-
former components are not monolithic units, but rather collections of independent functional direc-
tions. Each direction can encode a distinct computational primitive, such as sequence initialization,
entity salience, or semantic separation, allowing a single head or MLP block to multiplex multiple
sub-functions. By zooming in on these low-rank directions, we can reveal hidden structure that
is invisible when treating heads or layers as atomic, providing a finer-grained understanding of
how transformers compute. This perspective has broad implications. It suggests that mechanistic
interpretability should move beyond unit-level analysis, toward frameworks that capture both the
individual roles of directions and their interactions, potentially defining new “micro-circuits” within
components. Future work could explore direction-level communication patterns, drawing inspiration
from recent studies on head-to-head interaction graphs [Merullo et al., 2024b], to understand how
these sub-functions combine into higher-level behaviors.

Limitations: The directional decomposition perspective we present provides a fine-grained view
into transformer computations; however, several limitations remain for further exploration. First, our
analysis considers each augmented matrix independently, focusing on individual layers and heads.
This isolation facilitates precise attribution of function to specific singular directions but may obscure
emergent behaviors that arise from interactions across components, which are principal to many
transformer computations. Second, the approach assumes that singular directions correspond to
interpretable and causally relevant subroutines. Although supported by observed semantic boundaries
and activation patterns, this assumption lacks formal justification, and task-relevant computation
may be distributed across weaker directions or higher-order interactions. Third, our method applies
learnable diagonal masks to fixed singular vectors, thereby restricting optimization to axis-aligned
subspaces, which may limit expressiveness. Allowing controlled perturbations of singular directions
could capture finer task-dependent variations. Fourth, our evaluation is limited to the standard
benchmark tasks and GPT-2 Small. Whether the method scales to more complex reasoning tasks,
larger models, or instruction-tuned systems remains an open question. Finally, while our method
reveals functionally interpretable directions, it does not yet fully elucidate the causal role of each
direction in the end-to-end model behavior. Our masking objective encourages output faithfulness,
but disentangling true causal mediation from representational correlation remains an open challenge.
Future work could integrate causal tracing or activation patching to more directly establish mechanistic
influence.

Despite these limitations, directional decomposition provides a new lens on transformer internals. By
treating model components as collections of functional directions, we can uncover the computational
primitives that underlie complex behaviors, laying the foundation for more systematic and fine-grained
circuit discovery in modern language models.

8 Conclusion

Transformers are often seen as black boxes, complex computational graphs of neurons, heads,
and layers whose inner workings are difficult to disentangle. In this work, we demonstrate that a
simple shift in perspective, focusing on individual singular directions in parameter space, can reveal
surprisingly clean and interpretable sub-computations. This perspective also suggests a broader
narrative. Might we someday construct compact, modular explanations of entire model behaviors by
stitching together just a few interpretable directions? If so, we may one day piece together modular
explanations of entire model behaviors from a small number of interpretable directions.
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A Details of Datasets

This section provides details about the datasets used in our experiments. While the Indirect Object
Identification (IOI) task is our primary benchmark due to its strong alignment with our goals in
mechanistic interpretability, we also include two additional datasets, Greater-Than [Hanna et al.,
2023] and Gender Pronoun [Mathwin et al., 2023], to test the generalizability of our method.

A.1 Indirect Object Identification (IOI)

The IOI task [Wang et al., 2022] is a synthetic benchmark designed to study a language model’s
ability to resolve coreference between proper names in complex syntactic constructions. Each prompt
contains two names in an introductory clause, followed by a clause in which one name acts as the
subject. The model must complete the sentence with the indirect object:

“When Mary and John went to the store, John gave a drink to” → Mary

The task follows a known and interpretable algorithm, i.e., predict the name that is not the subject of
the last clause. Its controlled structure and clear ground truth make it ideal for circuit-level analysis
and interpreting internal representations of models like GPT-2.

A.2 Gender Pronoun Task

This task evaluates pronoun resolution in socially relevant contexts. Each example is a declarative
sentence about a named person followed by a tag question. The goal is to complete the sentence with
the correct gendered pronoun:

“So David is a really great friend, isn’t” → he
“So Mary is a very good athlete, isn’t” → she

This dataset complements IOI by testing the model’s ability to resolve pronouns and capture gender
semantics. It also provides insight into whether our method can disentangle social biases embedded
in model representations.

A.3 Greater-Than Task

The Greater-Than task [Hanna et al., 2023] targets numerical reasoning by prompting the model with
a sentence involving two years. The goal is to predict a valid end year that is greater than the start
year, using a textual format:

“The treaty lasted from the year 1314 to the year 13” → 28

The dataset is automatically generated using 120 nouns representing temporal events (sourced from
FrameNet), with years sampled from the 11th to 17th centuries. Special care is taken to avoid
multi-token year completions and boundary cases, ensuring all completions are single-token and
meaningful under GPT-2’s tokenizing scheme.

B Additional Results, Discussion and Future Directions

In this appendix section, we provide extended results, analysis, and exploratory observations that
complement the findings in the main paper. We provide further support for the interpretability
of low-rank directions across multiple tasks, highlight composite functional patterns, and outline
promising directions for future work.

B.1 Compute Resources

All experiments were conducted on a single NVIDIA A40 GPU with 48 GB of VRAM. Our imple-
mentation is based on PyTorch 2.1 [Paszke et al., 2019] and the HuggingFace Transformers library
(v4.35), leveraging its integration with pre-trained models and tokenizer utilities. We utilize the
GPT-2 small model (124M parameters), with all weights frozen during our experiments to ensure
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Table 2: Dataset splits for the three tasks used in our experiments, IOI (Indirect Object Identification),
GT (Gender Type), and GP (Gender Pronouns), indicating the number of examples allocated to the
training, validation, and test sets.

Task Train Validation Test
IOI 1k 200 1k
GT 2k 500 2k
GP 1k 155 307

Table 3: Hyperparameters used for training the linear probes and other learned components in our
experiments. We report batch size, number of epochs, optimization parameters (learning rate and
weight decay), and the coefficient of the L1 regularization term.

Hyperparameter Value
Batch Size 64
Number of Epochs 15
Learning Rate 1.0× 10−2

Weight Decay 1.0× 10−9

L1 Regularization Weight 1.5× 10−4

the integrity of the underlying representations. For systematic access to internal model activations
and component-wise analysis, we employ the TransformerLens library [Nanda and Bloom, 2022],
which provides fine-grained control over the transformer’s intermediate computations, enabling
singular value decomposition and mask-based interventions at the component level. All training for
our mask optimization and probing modules was conducted using batches of IOI or Greater-Than task
prompts, with early stopping based on validation loss to ensure efficiency and generalizability. The
details to the Dataset splits and Hyperparameters are provided in Table 2 and Table 3, respectively.
Table 2 outlines the dataset splits used across different tasks, Indirect Object Identification (IOI),
Greater-Than (GT), and Generalized Preposition (GP). We use relatively small training sets to textita-
size the interpretability and efficiency of our method, while validation and test sets are significantly
larger to ensure robust generalization. The training procedure for our low-rank component masks and
probing modules was consistent across tasks, with hyperparameters detailed in Table 3. We optimize
using AdamW with moderate weight decay and L1 regularization to encourage sparsity in learned
masks. Training is conducted for a maximum of 150 epochs with early stopping based on validation
performance to avoid overfitting. The relatively small batch size and learning rate were empirically
found to balance convergence speed with stability.

B.2 Inherently formed Logit Directions

Beyond component-level decomposition, our analysis reveals that in transformer layers there exist
a set of inherent, fixed directions in logit space, which we term as "Logit Receptors" (so named
because they act as fixed receptive directions that deterministically modulate specific token logits).
These are directions that correspond to stable vocabulary preferences learned during training and that
operate as modulators for specific tokens. These directions emerge naturally from the singular value
decomposition of the augmented OV projection, W(OV)

aug , which writes the attention output into the
residual stream.

From Singular Vectors to Logit Receptors. Let νlh ∈ R(1+dmodel) denote the attention-weighted
(and one-augmented, to compensate bias) value vector for layer l, head h, where we augment the
context with a constant 1 so that ν⊤lh = [1,

∑
j αijxj ] in the notation above(α is attention distribution

and xj is post-layernorm residual stream representation). Decomposing the corresponding OV
projection by singular value decomposition gives

W(OV)
aug = Ulh Σlh V

⊤
lh .
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Figure 3: Mean activation of gender-related directions conditioned on Masculine versus Feminine
prompt context. The x-axis plots the mean activation E[ν⊤u | prompt context=he] and the y-axis
plots mean E[ν⊤u | prompt context=she]. Error bars show one standard deviation. The dashed
diagonal line represents y = x, where activations for both pronouns would be equal.

The output, in equation (1), written by head h in layer l in the residual stream can then be expressed
as

ylh = ν⊤lh W
(OV)
aug =

∑
k

σlhk (ν
⊤
lhulhk) v

⊤
lhk,

where each term corresponds to one singular direction k with singular value σlhk, left singular vector
ulhk, and right singular vector vlhk. The scalar term ν⊤lhulhk represents an input-dependent coefficient
that steers a fixed direction in residual space.

When each right-singular vector vlhk is projected through the unembedding matrix WU , we obtain a
scaled vocabulary-length vector

ylhk = (σlhk (ν
⊤
lhulhk)) v

⊤
lhkWU ,

which corresponds to a fixed direction (pointing towards a specific set of tokens) in token-logit
space. Importantly, the term v⊤lhkWU depends only on the learned weights; in other words, it is a
constant Logit Receptor independent of any specific input. The only input-dependent term is its scalar
activation, ν⊤lhulhk, which modulates how strongly the model calls upon that logit receptor at a given
step.

Interpretable Logit Receptors. Empirically, we found that some of these fixed logit receptors have
clear linguistic meaning. In the Gender Pronoun Resolution (GP) task, for instance, certain v⊤lhkWU

vectors are more inclined towards gendered pronouns. Their corresponding activations ν⊤lhulhk are
systematically higher for examples of one gender than the other, forming a mechanistic pattern, i.e.,
the model maintains distinct “she” and “he” receptors in logit space and routes activation selectively
between them depending on context.

This perspective reveals a fresh way of understanding concepts present inherently in the internal
structure of the model, even before considering the mask-learning step; the network already contains
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Table 4: Selected gender- and number-related OV singular directions. Columns show the learned
mask, singular value σ, an excerpt of top tokens from v⊤WU , mean activation ν⊤u (mean ± std)
conditioned on the pronoun based on prompt context(pc), and the activation difference (he minus
she).
Direction Mask σ Top tokens (excerpt) E[ν⊤u | pc=he] E[ν⊤u | pc=she] Diff

L9.H7.SV1 1.00 8.87 His, his, He, he,
himself

+0.115± 0.027 −0.453± 0.032 +0.568

L11.H8.SV6 1.00 6.52 his, His, him, He, he +0.134± 0.030 −0.412± 0.029 +0.546

L10.H9.SV0 1.00 9.15 her, she, She, herself,
hers

−0.273± 0.041 +0.652± 0.038 −0.925

L11.H7.SV0 1.3e-5 22.07 herself, Her, her, hers,
She

+0.755± 0.020 +0.774± 0.018 −0.019

L10.H9.SV1 0.82 7.87 her, she, herself, She,
she

−0.241± 0.035 +0.512± 0.036 −0.753

L9.H7.SV0 1.00 9.23 their, Their, they, their −0.334± 0.028 −0.174± 0.031 −0.160
L6.H3.SV30 1.00 4.64 they, They, Them,

Their
−0.196± 0.022 −0.114± 0.025 −0.082

L11.H8.SV23 0.87 4.32 their, Their, THEY,
THEIR, They

−0.278± 0.024 −0.143± 0.027 −0.135

a compact basis of hard-coded logit receptors that modulate the vocabulary space. These receptors
define semantic axes that downstream layers can selectively activate to express context-sensitive
meaning. Learning directional masks (via Algorithm 1) further clarifies which of these fixed logit
receptors are actually used by the task. Directions with high mask weights may correspond to those
carrying discriminative information for the task, while others are effectively pruned. Moreover, it also
reflects that some of the inherent structures are not used by a specific dataset, and the discovery of
components is highly dependent on the used dataset, which may not contain all the universal inherent
directions present in a model.

A notable example is L11.H7.SV0, where despite having the largest singular value (σ = 22.07) and a
vocabulary projection strongly associated with feminine tokens, this direction receives an almost-
zero mask. Inspection reveals that its activation ν⊤lhulhk (a scalar modulating the logit receptor) is
nearly identical for male and female examples, essentially encoding variance but no discriminative
signal (also see Figure 3). In contrast, directions such as L10.H9.SV0 show pronounced activation
differences across gender contexts and are thus retained. Table 4 summarizes the salient discovered
directions, including their mask weights, singular values, top-vocabulary tokens, and conditional
activation statistics. Together, these results suggest that the model’s internal computation operates
through a set of inherently learned logit receptors, fixed basis vectors whose selective activation
underlies task behavior and provides a fine-grained, mechanistic bridge between representation and
prediction.

This decomposition helps provide an understanding of how the model performs token-level decisions.
Each unembedding projection of right-singular direction i.e. v⊤lhkWU acts as a fixed logit receptor
controlling the prediction vocabulary space, essentially representing a stable axis associated with a
specific token outcome. During inference, the model dynamically steers these receptors through the
input-dependent activation coefficients ν⊤lhulhk. The masks we learn over these singular directions
identify which of these receptors the model actually employs, i.e., directions that combine both
capacity (large singular value) and discriminative alignment (systematic activation shifts across
labels) receive high mask weights, while those that contribute variance but no discriminative signal
are suppressed during optimization. As highlighted in Figure 3, the activations ν⊤lhulhk form linearly
separable clusters for masculine and feminine contexts; directions lacking a decisive separation
receive negligible mask weights, indicating that the masking learns to ignore non-discriminative
directions. For example, direction L11.H7.SV0, despite its large singular value (σ = 22.07) and a
clearly feminine token projection, receives a near-zero mask because its activation distribution is
nearly identical across male and female examples.
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We further ask what happens if we intervene in these directions. While the above analysis reveals
interpretable correlations between singular directions and task behavior, it does not establish whether
these directions are causally responsible for model predictions. To support our central hypothesis, that
transformers distribute computation along distinct, low-rank subfunctions, we require causal evidence
that manipulating these subspaces directly alters model output in predictable ways. If a small number
of identified singular directions are genuinely responsible for a behavior, then systematically altering
them should induce controlled, interpretable changes in the model’s output logits, while leaving other
computations intact.

Scalar-based Causal Ablation of OV Directions. We therefore perform a series of Scalar-based
counterfactual ablations designed to test whether the discovered singular directions in the OV
projection causally steer gender pronoun prediction. In each ablation, we swap the activations
of gender-sensitive singular directions (those with high learned mask values) with the empirically
observed mean activations from the opposite gender distribution. For instance, the masculine-sensitive
direction L9.H7.SV1 typically exhibits mean activations of +0.115 for “he” prompts and −0.453 for
“she” prompts; the intervention exchanges these values, effectively inserting counterfactual gender
evidence while keeping all other activations fixed.

Overall, we conduct four controlled experiments: 1) swapping all gender directions for masculine
prompts, 2) swapping all gender directions for feminine prompts, 3) swapping only masculine direc-
tions for masculine prompts, and 4) swapping only feminine directions for feminine prompts. Each
condition measures how average pronoun-logit differences respond to these targeted perturbations,
thereby quantifying the causal influence of individual low-rank subspaces.

Formally, for a given singular direction i, the intervention replaces the natural activation (ν⊤ui) with
the opposite-gender mean activation a′i:

∆R = (a′i − ν⊤ui)σi v
⊤
i .

adding this re-scaled vector to the final residual stream vector directly intervenes in the contribution
of specific interpretable low-rank features, allowing precise causal editing of gender-specific behavior.
Algorithm 2 illustrates this process in more detail. This precisely modifies the residual-stream
contribution of selected interpretable features while preserving the model’s overall structure, enabling
rigorous, scalar-controlled causal testing.

For empirical validation, we consider instances from the GP (Gender Pronoun Resolution) task
and segregate prompts into distinct masculine (pmale) and feminine (pfemale) contexts and pass them
separately to the model and record the scalar mean corresponding to specific tokens (µg = a′i,g =
1

|pg|
∑

x∈pg
ν⊤ui, g ∈ {male, female}). This helps provide mean values for each considered

context, and for all the pronoun directions i ∈ {L9.H7.SV1, L11.H8.SV6, .......}, which are later
used in Algorithm 2 to perform intervention and observe the effect of modifying a logit receptor.
(also see Figure 2, that illustrates the intervention performed in Algorithm 2)

Findings. The resulting interventions, as highlighted in Table 5, Table 6, and Figure 4, yield a
clear causal signal. In Table 5, the Flip→she% is defined as the (# predictions flipped from ‘ he’
→ ‘ she’) / (# baseline ‘ he’ predictions) ×100, and Flip→he% is defined analogously using the
baseline ‘ she’ predictions, i.e., (# predictions flipped from ‘ she’ → ‘ he’) / (# baseline ‘ she’
predictions) ×100. Both of these metrics help capture the true flip rate of recoverable predictions
(excluding cases where the model initially predicted an "other" token). Across amplification scales
shown in both Table 5 and Figure 4, we find that swapping all gender-associated singular directions
with their empirically opposite-gender means, and scaling the corresponding singular values by a
positive amplification factor, reliably reverses the model’s pronoun-logit polarity. For masculine
prompts, the mean logit difference shifts from approximately +2.5 (favoring ‘ he’) to around
−42, and for feminine prompts from +2.8 to roughly −41. Moreover, as also reflected in the
high flip rates in Table 5, the model almost entirely reverses its prediction given the same baseline
context, i.e., prompts containing masculine cues (where the correct baseline prediction is ‘ he’)
yield ‘ she’ after the mean-swap plus amplification intervention, and symmetrically for feminine-
context prompts. The scalar-level ablations in Table 6 further confirm that both full and partial swaps
induce substantial, systematic shifts in logit differences, demonstrating that these singular directions
contribute additively and consistently to gender-pronoun resolution. All these results provide causal
evidence that the identified OV singular directions form modular, low-rank mechanisms that directly
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Algorithm 2 Intervention for OV Singular Directions
Require: ModelM, SVD circuit cache C, data loader D, directions S (each with (ℓ, h, i, µhe, µshe)), and target

gender g ∈ {he, she}
Ensure: Summary statistics: mean logit difference, variance, etc.

1: Initialize results← {correct, logit_diff, they_logit}
2: for each batch (x, y) in D do
3: Run model with cache: (logits, cache)←M.run_with_cache(x)
4: Extract final-token index t∗

5: Initialize ∆R← 0
6: for each (ℓ, h, i, µhe, µshe) ∈ S do
7: Retrieve SVD components U, S, V ← C[ℓ, h]
8: Select (ui, vi, σi)← (U [:, i], V [:, i], S[i])
9: Compute attention-weighted context ν = [1,

∑
αx]

10: Current activation ai = (ν⊤ui)

11: Target activation a′
i ←

{
µshe, g = he
µhe, g = she

12: ∆ai ← (a′
i − ai)

13: σi ← σscale × σi

14: ∆R += ∆ai σi v
⊤
i

15: end for
16: Add ∆R to final residual stream at t∗

17: Compute new logits Z′ = LayerNorm(residual +∆R)WU + bU
18: end for
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Figure 4: Causal interventions (scaling + swapping) show that singular directions control gender
pronoun prediction. The plot displays logit differences (Correct Pronoun − Opposite Pronoun)
and flipping rates after intervention. Singular values σi are scaled by an integer factor (σscale) in
σi(ãi − ν⊤ui)v

⊤
i , leading to near-complete prediction reversal at higher scales. This provides causal

evidence that these directions are key computational units underlying gender pronoun resolution.

control gender pronoun prediction, demonstrating that interpretable subfunctions are not merely
correlational artifacts but causal building blocks of transformer computation, which leads to a new
perspective on looking at/understanding predictions made by the model.

We believe that as we move forward, this direction/perspective of decomposing/understanding model
decisions will make them more interpretable, and a wider range of transparent conceptualization can
be explored/understood in future works.
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Table 5: Empirical results of intervention(scaling + swapping). Baseline ∆Logit shows original
logit difference between correct and opposite pronoun prediction based on the prompt context.
Intervention ∆Logit shows the same after replacing activations of ν⊤u with respective opposite
gender means, and amplifying singular value by multiplying with σscale. Flip rates show the
baseline pronoun predictions that were switched to the opposite pronoun by the intervention. All
∆Logit(Logit Difference) values are shown as mean ± std.

Experiment σscale Prompt Type Baseline
∆Logit

Interv.
∆Logit

Flip→
she%

Flip→
he%

E.1: Swap ALL 1.0 "he" +2.53± 1.48 −1.10± 0.83 83.5% 0.0%
E.1: Swap ALL 2.0 "he" +2.53± 1.48 −3.82± 0.63 100.0% 0.0%
E.1: Swap ALL 5.0 "he" +2.53± 1.48 −11.80± 2.50 100.0% 0.0%
E.1: Swap ALL 10.0 "he" +2.53± 1.48 −23.96± 5.52 100.0% 0.0%
E.1: Swap ALL 15.0 "he" +2.53± 1.48 −34.16± 7.50 100.0% 0.0%
E.1: Swap ALL 20.0 "he" +2.53± 1.48 −42.31± 8.57 100.0% 0.0%

E.2: Swap ALL 1.0 "she" +2.84± 2.12 +1.01± 0.96 0.0% 4.7%
E.2: Swap ALL 2.0 "she" +2.84± 2.12 −1.73± 0.61 0.0% 67.0%
E.2: Swap ALL 5.0 "she" +2.84± 2.12 −9.87± 4.08 33.3% 100.0%
E.2: Swap ALL 10.0 "she" +2.84± 2.12 −22.37± 9.31 33.3% 100.0%
E.2: Swap ALL 15.0 "she" +2.84± 2.12 −32.72± 13.04 33.3% 100.0%
E.2: Swap ALL 20.0 "she" +2.84± 2.12 −40.82± 15.44 33.3% 100.0%

E.3: Swap Masc. 1.0 "he" +2.53± 1.48 +0.60± 1.22 8.9% 0.0%
E.3: Swap Masc. 2.0 "he" +2.53± 1.48 −0.44± 0.97 43.0% 0.0%
E.3: Swap Masc. 5.0 "he" +2.53± 1.48 −3.53± 0.63 100.0% 0.0%
E.3: Swap Masc. 10.0 "he" +2.53± 1.48 −8.60± 1.69 100.0% 0.0%
E.3: Swap Masc. 15.0 "he" +2.53± 1.48 −13.50± 2.98 100.0% 0.0%
E.3: Swap Masc. 20.0 "he" +2.53± 1.48 −18.15± 4.15 100.0% 0.0%

E.4: Swap Fem. 1.0 "she" +2.84± 2.12 +2.05± 1.39 0.0% 2.8%
E.4: Swap Fem. 2.0 "she" +2.84± 2.12 +0.35± 0.73 0.0% 12.3%
E.4: Swap Fem. 5.0 "she" +2.84± 2.12 −4.75± 1.92 16.7% 99.1%
E.4: Swap Fem. 10.0 "she" +2.84± 2.12 −13.04± 5.59 50.0% 100.0%
E.4: Swap Fem. 15.0 "she" +2.84± 2.12 −20.73± 8.82 50.0% 100.0%
E.4: Swap Fem. 20.0 "she" +2.84± 2.12 −27.59± 11.44 50.0% 100.0%

Table 6: Scalar-based ablation of gender-related OV singular directions. Each intervention replaces
the scalar activation of each gender direction with its empirical opposite-gender mean and amplifying
the singular value(×20 in below table). n is the number of data points
Experiment Prompt Context n Baseline ∆Logit Interv.∆Logit ∆(∆Logit)

E.1: Swap ALL dirs “he” 150 +2.53± 1.48 −42.31± 8.57 −44.84
E.2: Swap ALL dirs “she” 156 +2.84± 2.12 −40.82± 15.44 −43.66
E.3: Swap Masc. only “he” 150 +2.53± 1.48 −18.15± 4.15 −21.38
E.4: Swap Fem. only “she” 156 +2.84± 2.12 −27.59± 11.44 −19.93

B.3 Extended Analysis: IOI Task

Additional Mask Visualizations. Figures 5, 6, and 7 provide detailed visualizations of the learned
singular value masks for OV, MLP, and QK matrices, respectively. These figures complement the
results discussed in the main text by showing head- and layer-level activation patterns across the
model. In particular, Figure 5 highlights OV heads with high activation across multiple singular
directions, Figure 6 shows layer-wise MLP mask patterns, and Figure 7 quantitatively correlates
QK mask values with functional head types identified in prior work [Wang et al., 2022]. These
visualizations help provide further evidence that the learned masks capture meaningful functional
subcomponents of transformer computation. Figure 8 shows a conceptualization of the SVD-based
analysis of Head 9.6, previously identified by Wang et al. [2022] as a “Name Mover” head. The figure
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Table 7: The table shows results for the analysis of S7 attention scores([1, xi]σ7u7v
⊤
7 [1, xj ]

⊤) for
head 9.6, highlighting the entity-action distinction role in the IOI task.

Category Value (Mean ± SD) Example tokens Example values
Entities +3.52± 1.42 "Jerry", "Kevin", "Susan" +2.87, +2.29, +2.92
Actions −4.44± 0.68 "went", "gave", "decided" −4.33, −4.17, −5.93

Table 8: The Table shows results for analysis of S28 activations, denoting the role of entity salience
in the IOI task.

Token type Example tokens SVD_28 values
Named entities (first mention) "Jerry", "Susan", "Kevin" 5.68, 4.05, 5.22
Named entities (second mention) "Mary", "Kevin_2", "Marilyn_2" 3.69, 2.07, 2.07
Function words "the", "to", "of" 0.50, 1.93, 0.15
Discourse connectives "and" 2.92-3.85

illustrates the combination of multiple distinct functionalities within the QK interaction, including
sequence initialization (S1), semantic discrimination (S7), and entity salience (S28), leading to a
specific utility in the IOI task.

To complement the in-depth analysis of attention head 9.6 in the main paper, we extend our inves-
tigation to two additional heads, 9.9 and 10.0, both previously implicated in the Indirect Object
Identification (IOI) task by Wang et al. [2022]. Our aim is to determine whether their internal struc-
ture, when decomposed through our singular vector masking framework, reveals similarly modular
and interpretable subfunctions. The results provide compelling support for the view that heads encode
multiple, independent functional primitives, each realized along distinct low-rank directions.

Head 9.9: Entity Prioritization and Inhibition Dynamics Attention head 9.9 has been previously
labeled a “Name Mover” head due to its role in copying names across syntactic spans. However, our
singular vector analysis reveals a richer and more nuanced structure. The first and seventh singular
directions, S1 and S7, consistently exhibit the characteristic pattern of start-of-sequence detectors.
These directions assign disproportionately high attention to the first token of each prompt, while
suppressing all subsequent tokens. This behavior mirrors similar mechanisms found in other heads
and suggests a general strategy for anchoring temporal computations.

More interestingly, the 51st direction, S51, exhibits a selective affinity for named entities, especially
those appearing early in a sequence. It systematically favors tokens corresponding to person names
while suppressing their repeated mentions. This results in a subtle form of repetition avoidance that
biases the model toward novel or contextually salient entities, behavior consistent with entity tracking
and attention modulation observed in prior mechanistic studies.

Crucially, S16 implements a strong inhibitory signal targeting second mentions of entities. On average,
the unnormalized attention score assigned to repeated entities is 2.31 points lower than that assigned
to their initial mention, a pattern aligned with the role of S-Inhibition heads described by Wang
et al. [2022], which helps suppress the attention. This directional suppression creates a structural
preference against re-attending to previously mentioned entities, thereby enhancing the likelihood of
selecting an appropriate indirect object. Collectively, these observations demonstrate that head 9.9
multiplexes multiple functions, entity recognition, novelty bias, and inhibition, across orthogonal
subspaces.

Head 10.0: Semantic Role Differentiation and IOI Bias Encoding Head 10.0 presents another
compelling case of functional modularity. As with head 9.9, the directions S1 and S5 operate as
strong start-of-sequence indicators, highlighting the recurrence of this structural primitive across
layers. However, the sixth singular direction, S6, shows an especially focused pattern: it consistently
assigns high attention scores to named entities and location nouns, while strongly de-emphasizing
function words and verbs. For instance, tokens such as “Melissa,” “Kelly,” and “zoo” receive the
highest activations in our sampled prompts, whereas verbs like “gave” and conjunctions like “and”
are suppressed. This direction functions as a precise semantic filter, elevating entities and key nouns
that anchor the core referential structure of the IOI task.

26



0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

M
as

k 
Va

lu
e

Layer 0, Head 0

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 0, Head 1
(Duplicate Token Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 0, Head 2

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 0, Head 3

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 0, Head 4

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 0, Head 5

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 0, Head 6

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 0, Head 7

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 0, Head 8

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 0, Head 9

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 0, Head 10
(Duplicate Token Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 0, Head 11

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

M
as

k 
Va

lu
e

Layer 1, Head 0

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 1, Head 1

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 1, Head 2

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 1, Head 3

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 1, Head 4

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 1, Head 5

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 1, Head 6

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 1, Head 7

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 1, Head 8

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 1, Head 9

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 1, Head 10

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 1, Head 11

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

M
as

k 
Va

lu
e

Layer 2, Head 0

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 2, Head 1

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 2, Head 2
(Previous Token Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 2, Head 3

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 2, Head 4

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 2, Head 5

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 2, Head 6

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 2, Head 7

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 2, Head 8

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 2, Head 9

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 2, Head 10

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 2, Head 11

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

M
as

k 
Va

lu
e

Layer 3, Head 0
(Duplicate Token Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 3, Head 1

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 3, Head 2

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 3, Head 3

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 3, Head 4

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 3, Head 5

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 3, Head 6

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 3, Head 7

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 3, Head 8

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 3, Head 9

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 3, Head 10

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 3, Head 11

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

M
as

k 
Va

lu
e

Layer 4, Head 0

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 4, Head 1

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 4, Head 2

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 4, Head 3

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 4, Head 4

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 4, Head 5

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 4, Head 6

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 4, Head 7

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 4, Head 8

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 4, Head 9

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 4, Head 10

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 4, Head 11
(Previous Token Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

M
as

k 
Va

lu
e

Layer 5, Head 0

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 5, Head 1

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 5, Head 2

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 5, Head 3

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 5, Head 4

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 5, Head 5
(Induction Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 5, Head 6

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 5, Head 7

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 5, Head 8
(Induction Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 5, Head 9
(Induction Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 5, Head 10

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 5, Head 11

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

M
as

k 
Va

lu
e

Layer 6, Head 0

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 6, Head 1

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 6, Head 2

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 6, Head 3

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 6, Head 4

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 6, Head 5

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 6, Head 6

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 6, Head 7

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 6, Head 8

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 6, Head 9
(Induction Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 6, Head 10

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 6, Head 11

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

M
as

k 
Va

lu
e

Layer 7, Head 0

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 7, Head 1

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 7, Head 2

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 7, Head 3
(S-Inhibition Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 7, Head 4

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 7, Head 5

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 7, Head 6

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 7, Head 7

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 7, Head 8

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 7, Head 9
(S-Inhibition Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 7, Head 10

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 7, Head 11

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

M
as

k 
Va

lu
e

Layer 8, Head 0

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 8, Head 1

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 8, Head 2

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 8, Head 3

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 8, Head 4

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 8, Head 5

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 8, Head 6
(S-Inhibition Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 8, Head 7

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 8, Head 8

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 8, Head 9

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 8, Head 10
(S-Inhibition Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 8, Head 11

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

M
as

k 
Va

lu
e

Layer 9, Head 0
(Backup Name Mover Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 9, Head 1

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 9, Head 2

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 9, Head 3

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 9, Head 4

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 9, Head 5

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 9, Head 6
(Name Mover Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 9, Head 7
(Backup Name Mover Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 9, Head 8

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 9, Head 9
(Name Mover Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 9, Head 10

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 9, Head 11

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

M
as

k 
Va

lu
e

Layer 10, Head 0
(Name Mover Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 10, Head 1
(Backup Name Mover Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 10, Head 2
(Backup Name Mover Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 10, Head 3

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 10, Head 4

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 10, Head 5

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 10, Head 6
(Backup Name Mover Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 10, Head 7
(Negative Name Mover Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 10, Head 8

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 10, Head 9

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0

Layer 10, Head 10
(Backup Name Mover Heads)

0 20 40 60
0.0

0.2

0.4

0.6

0.8

1.0
Layer 10, Head 11

0 20 40 60
Singular Value Index

0.0

0.2

0.4

0.6

0.8

1.0

M
as

k 
Va

lu
e

Layer 11, Head 0

0 20 40 60
Singular Value Index

0.0

0.2

0.4

0.6

0.8

1.0
Layer 11, Head 1

0 20 40 60
Singular Value Index

0.0

0.2

0.4

0.6

0.8

1.0

Layer 11, Head 2
(Backup Name Mover Heads)

0 20 40 60
Singular Value Index

0.0

0.2

0.4

0.6

0.8

1.0
Layer 11, Head 3

0 20 40 60
Singular Value Index

0.0

0.2

0.4

0.6

0.8

1.0
Layer 11, Head 4

0 20 40 60
Singular Value Index

0.0

0.2

0.4

0.6

0.8

1.0
Layer 11, Head 5

0 20 40 60
Singular Value Index

0.0

0.2

0.4

0.6

0.8

1.0
Layer 11, Head 6

0 20 40 60
Singular Value Index

0.0

0.2

0.4

0.6

0.8

1.0
Layer 11, Head 7

0 20 40 60
Singular Value Index

0.0

0.2

0.4

0.6

0.8

1.0
Layer 11, Head 8

0 20 40 60
Singular Value Index

0.0

0.2

0.4

0.6

0.8

1.0

Layer 11, Head 9
(Backup Name Mover Heads)

0 20 40 60
Singular Value Index

0.0

0.2

0.4

0.6

0.8

1.0

Layer 11, Head 10
(Negative Name Mover Heads)

0 20 40 60
Singular Value Index

0.0

0.2

0.4

0.6

0.8

1.0
Layer 11, Head 11

Previous Token Heads
Duplicate Token Heads

Induction Heads
S-Inhibition Heads

Negative Name Mover Heads
Name Mover Heads

Backup Name Mover Heads

Figure 5: Learned singular value masks for OV (WOV
aug) matrices across all attention heads in the

model. The masks show heads with high activation across multiple singular dimensions correspond
to circuit components previously identified by Wang et al. [2022] for the IOI task.

Table 9: Learned mask values and associated functional roles for selected singular directions in Layer
9, Head 6. Higher mask values indicate a stronger contribution of that singular direction to the
corresponding functional role, illustrating how specific QK directions encode distinct computational
subfunctions.

Singular Direction Functional Role Learned Mask Value
S1 Sequence Initialization Detection 0.53
S7 Semantic Separation of Entities and Actions 0.64
S28 Entity Salience and Detection 0.97

In contrast, the third direction, S3, displays a consistent aversion to function words. Words such as
“a,” “the,” and “and” receive markedly negative attention scores, suggesting a broader mechanism of
syntactic sparsification. Meanwhile, the seventh direction, S7, echoes the behavior observed in head
9.6, acting as a semantic separator between entities and verbs. These orthogonal semantic dimensions
help disentangle the “who” from the “what,” facilitating downstream resolution of coreference.

Finally, the twentieth singular direction, S20, exhibits a statistical preference for indirect objects. In
approximately 54–59% of cases, this direction assigns higher attention to the token corresponding to
the indirect object, closely mirroring the empirical success rates of the model on the IOI task. This
suggests that S20 encodes a partial bias that systematically favors the correct grammatical resolution
in ambiguous syntactic constructions.

Overall Summary: The analyses of heads 9.9 and 10.0 reinforce our core hypothesis, i.e., trans-
former components, rather than operating as indivisible functional units, exhibit finely grained
internal specialization along interpretable low-rank directions. Each direction performs a targeted
role, whether syntactic anchoring, semantic discrimination, or statistical preference modulation, that
contributes to the overall behavior of the head. Our results not only validate prior circuit-level findings
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Figure 6: Learned singular value masks for MLP (W(in)
aug(left) and W

(out)
aug (right)) matrices across

all layers in the model for the IOI task.
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Figure 7: The figure shows the average mask values for WQK
aug across attention heads, categorized by

functional type. Heads identified in circuits by Wang et al. [2022]; particularly Name Mover, Backup
Name Mover, and Negative Name Mover heads, consistently exhibit higher average mask values
than other head types. This suggests a correlation between circuit membership and mask activation
strength, providing quantitative validation of previously identified functional circuits.

Figure 8: Analysis of head 9.6, previously identified by Wang et al. [2022] as a “Name Mover head”
that attends to previous names in a sentence and copies them. Our SVD analysis reveals multiple
distinct functionalities within the QK interaction, each serving specific roles consistently across the
dataset. This decomposition provides a more nuanced understanding of the head’s behavior.

but also refine them by isolating the precise mechanisms responsible for observed model behavior.
This decomposition presents a powerful perspective for interpretability, enabling a move from coarse
component-level attributions to direction-level mechanistic understanding.

B.4 Analysis for Greater Than task

To evaluate the generality of our method beyond the IOI task, we extend our analysis to the Greater
Than benchmark introduced by Hanna et al. [2023], which investigates a model’s capacity for
numerical comparison. Each input prompt presents two years within a templated sentence, e.g., “The
treaty lasted from the year 1314 to the year 13”, and the model must complete the final token(s) such
that the resulting year is strictly greater than the first. Crucially, the completion must yield a valid
multi-token year (e.g., 28 completing “1328”), with careful curation to avoid boundary conditions
and single-token years that could confound interpretability.

We analyze this task by focusing on attention heads previously identified as critical to the model’s
numerical comparison behavior, specifically heads 6.9, 9.1, and 5.5 in GPT-2. Using our method, we
dissect the WQK

aug matrices of these heads into their dominant singular directions and interpret their
respective contributions.
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Table 10: SVD Component Analysis of WQK
aug Attention for the Greater Than Task , Focus on Head

9.1. Multiple low-rank components exhibit high attention to the target year token (Y Y ), which is
crucial for accurate prediction. The “Highest Attention %” indicates how often Y Y received the
highest attention score.

SVD Component Avg. Attention (± Std) Highest Attention (%) Mask Value
S31 7.09± 1.68 100 1.00
S3 4.79± 1.08 99.8 1.00
S26 1.86± 0.87 90.9 3.29× 10−5

S59 2.94± 1.86 81.8 1.00
S37 4.71± 2.18 81.5 1.00
S32 3.90± 1.65 72.7 1.00
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Figure 9: The above figure shows the attention score of head 9.1 for the Greater Than task. S1 attends
highly to the first token, and others, such as S3 and S31, predominantly focus on the end-of-year
token.

Head 9.1: Distributed Temporal Anchoring Attention head 9.1 (Figure 9) reveals a distributed
mechanism for endpoint detection. The first singular direction (S1) consistently assigns high positive
attention to the start-of-sequence token, while giving negative scores to subsequent ones. This
behavior functions as a positional prior, commonly reused across tasks.

More importantly, multiple directions contribute to highlighting the terminal year token (Y Y ). For
instance, S31 and S3 achieve near-perfect precision in identifying Y Y as the attention focus, doing
so in 100% and 99.8% of prompts, respectively (see Table 10). Other components such as S32 and
S59 also consistently amplify Y Y , although with lower magnitude or frequency. This suggests that
head 9.1 does not rely on a single dominant axis, but instead employs a compositional mechanism
where multiple orthogonal components redundantly encode attention to temporal anchors.
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Table 11: SVD Component Analysis of WQK
aug Attention for the Greater Than Task , Focus on Head

6.9. Multiple low-rank components exhibit high attention to the target year token (Y Y ), which is
crucial for accurate prediction. The “Highest Attention %” indicates how often Y Y received the
highest attention score.

SVD Component Avg. Attention ± Std Highest Attention (%) Mask Value
S2 10.747± 2.858 100.0 1.00
S7 4.324± 2.482 83.3 6.81× 10−6

S18 4.680± 2.327 83.3 0.15
S20 4.897± 4.967 66.7 0.99
S29 3.249± 3.587 50.0 1.14× 10−5

Head 6.9: Sharply Localized Numerical Discrimination In contrast, head 6.9 demonstrates
highly concentrated behavior. The second singular direction, S2, exhibits extremely sharp selectivity,
consistently assigning the highest attention to the final year token with 100% accuracy (µ = 10.747±
2.858) (see Table 11 for reference). This direction appears to isolate the second numeric entity in
the input, crucial for the Greater Than judgment. Supporting directions such as S7, S18, and S20

reinforce this emphasis with selection rates above 66%, albeit at lower attention magnitudes. This
pattern reflects a localized, narrowly targeted strategy for operand comparison.

Head 5.5: Redundant High-Magnitude in Reinforcing the Endpoint Head 5.5 features a richer
distribution of strong attention-inducing components. The leading singular direction (S1) again
exhibits the start-of-sequence pattern, while several others like S47, S28, S52, robustly identify
the Y Y token. Notably, S15 stands out with the highest attention magnitude across all heads
(19.14± 7.15), suggesting an exceptionally focused mechanism for endpoint amplification.

While some of these components exhibit redundancy in their selection behavior (e.g., S28 and S52

both achieving 87.5% attention on Y Y ), they differ significantly in their mean scores and variance.
This dispersion implies an ensemble encoding, where multiple vectors provide convergent evidence
toward the correct numeric endpoint, increasing the model’s reliability across input variations.

Cross-Head Trends and Shared Functionalities Across all heads, we observe the emergence of
two recurring functional patterns: (1) start-of-sequence structure detection via S1, and (2) endpoint
amplification via a sparse set of highly specialized directions. These shared functionalities suggest
that certain subspaces, such as those capturing positional priors or token-type distinctions (e.g.,
numbers vs. nouns), may be reused across attention contexts. Moreover, the existence of multiple
low-rank directions targeting the same token suggests that GPT-2 distributes the implementation of
numerical reasoning across a sparse ensemble of interpretable basis vectors.

Overall Summary: This decomposition of the Greater Than task reveals a consistent, structured
strategy whereby numerical comparison is encoded not in monolithic head-level behavior, but in
sparse, orthogonal subspaces within each attention matrix. Each direction contributes a distinct
yet complementary role, which includes establishing context, identifying operand positions, and
assigning salience to temporally relevant entities. These findings provide compelling evidence that
transformers perform symbolic reasoning via emergent low-dimensional structures, and that these
structures are modular, reusable, and interpretable via singular decomposition.

B.5 Universal Composite Functionalities Discovered

Our analysis reveals that certain singular value components exhibit consistent, reusable function-
alities across different attention heads and tasks, pointing to the presence of universal composite
functionalities within GPT-2’s internal representations. For example, component S1 in attention
head 9.6 consistently acts as a start-of-sequence detector, robustly assigning high attention scores
to the initial token regardless of the task context, as illustrated in Figure 10. This persistent role
suggests that some attention subspaces are dedicated to foundational structural signals critical for
sequence processing. Similarly, component S7 of the same head functions reliably as an entity-action
separator, selectively attending to name and object entities while suppressing attention to action
or functional tokens, as shown in Figure 11. The consistency of these components across diverse
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Figure 10: The figure above shows an instance of attention scores of the final token for component
S1 of head 9.6. It demonstrates that S1 consistently functions as a start-of-sequence detector across
tasks, independent of context.
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Figure 11: The figure above shows an instance of attention scores of the final token for component
S7 of head 9.6. It demonstrates that S7 consistently act as an Entity action separator by giving the
highest attention score to Name and object entities, and the least attention score to actions.

contexts implies that transformer models implement a set of primitive, composable mechanisms
that are repurposed modularly to support a variety of reasoning and linguistic tasks. Uncovering
and characterizing such universal functionalities not only enriches our understanding of transformer
interpretability but also paves the way for targeted interventions, modular editing, and transfer of
learned behaviors across models and domains. These findings motivate further investigation into
other universal components and their interplay, which may reveal a hierarchical structure of model
reasoning primitives embedded in singular value decompositions of attention matrices.

B.6 Sparsity Computation

We define sparsity in terms of the number of singular directions that are effectively suppressed during
the mask learning process. Prior to optimization, all directions with negligible singular values are
discarded, leading to a negligible penalty of approximately 10−6 in KL divergence. The remaining
directions constitute the learnable subspace over which mask optimization is performed.

Since the model undergoes two kinds of compression, (i) Zeroing out directions with near-zero
singular values, and (ii) Pruning directions with high singular values through learned masks, we
report two complementary sparsity measures:

Relative Sparsity. Let nactive denote the number of singular directions having greater mask value
then the threshold(1× 10−2) after mask optimization, and Nlearnable the total number of directions
subject to training. Then the relative sparsity is

Srel = 1− nactive

Nlearnable
.

This measures sparsity within the learnable subset only.
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Full Sparsity. Considering the complete model, let Ntotal be the total number of singular directions
available across all OV projections. The full sparsity is defined as

Sfull = 1− nactive

Ntotal
.

This reflects overall model compression after both truncation and pruning.

B.7 Discussion and Future Directions

Our proposed decomposition-based framework presents a scalable, model-agnostic approach for
discovering interpretable subspaces within pretrained transformers. By applying singular value
decomposition to attention weight matrices, we identify low-rank directions that robustly encode
functional roles, such as temporal endpoint detection or entity repetition suppression. This enables
fine-grained dissection of emergent behaviors, such as the "Name Mover" or "Greater Than" circuits,
and reveals that these are implemented through sparse combinations of reusable subspaces rather
than monolithic structures. Notably, we observe recurring components across tasks, such as start-
of-sequence detectors and temporal amplifiers, suggesting that transformer models like GPT-2
leverage a compact set of primitive functions in compositionally rich ways. Our results align with
and extend prior mechanistic interpretability research, complementing methods such as contextual
decomposition [Hsu et al., 2025], attribution patching [Nanda et al., 2023], and circuit overlap metrics
[Hanna et al., 2024], while providing a new axis of interpretability rooted in linear decomposability.
The approach is computationally efficient, all analyses were performed on a single NVIDIA A40
GPU, and it reveals that many key behaviors are localized to a small number of interpretable singular
directions. This raises intriguing possibilities for circuit editing, model compression, or steering
via low-rank intervention. However, our results are not exhaustive; rather, they provide a first step
toward uncovering modular internal mechanisms through decomposition. We emphasize that this
work identifies functionalities that are interpretable under this perspective, but there is much more to
uncover. Future directions include conducting targeted intervention experiments to validate causal
contributions of discovered components, examining whether these mechanisms generalize to larger
or more capable models (e.g., Phi, LLaMA), and exploring their activation in real-world settings.
Additionally, the search for composite patterns, i.e., higher-order patterns composed of recurring
singular directions, may yield deeper insight into how transformers orchestrate symbolic reasoning.
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1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: We provide evidence for claims in Section 2, Section 3, Section 4, and Section
5.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Limitations sub-section is included in Section 7
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
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• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
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Justification: We provide the derivation in Section 2.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We provide details in Section 4, Section 5, and Appendix.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
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• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Details are provided in Appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have reviewed code of ethics and have abided by them.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: In this work, we do not develop any new model or technology but perform
analysis of existing pre-trained models. To the best of our knowledge there is no negative
societal impact.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: We are not creating any new datasets or models.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We attribute the creators of various models in various sections of the paper and
in the appendix.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

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

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: We are not creating any new assets.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

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

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: We do not perform any human experiments.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: We do not perform any human experiments.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: This paper is about analysis of inner-workings of LLMs and we have described
their usage in detail in several sections of the paper.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for
what should or should not be described.
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