Factual Retrieval in LLMs
Is a Redundant, Distributed and Non-Contiguous Process

Anonymous ACL submission

Abstract

Large language models (LLMs) store and re-
call factual knowledge, yet the precise mech-
anism of how entity representations are
transformed to enable specific attribute re-
trieval remains underexplored. In this work,
we investigate this mechanism through the
lens of an “attribute-computation path”—a
sequence of computational steps over the
entity representation required to elicit a
target attribute. We then propose an itera-
tive patching protocol to identify a minimal
subset of layers necessary for this compu-
tation. Applying our method to LLaMA
3.1 8B and Qwen 3 8B, we find that these
paths are non-contiguous, often skipping
layers, and that models possess multiple,
functionally-equivalent paths for the same
entity and fact, highlighting a high degree
of redundancy in attribute computation.
This implies that knowledge computation
is highly distributed, potentially explaining
the localization-editing mismatch and sug-
gesting that knowledge storage and retrieval
in LLMs is far from being well understood.

1 Introduction

Large language models (LLMs) have been
shown to store and recall factual knowledge ex-
pressed as entities and their relations (Petroni
et al., 2019; Jiang et al., 2020; Cohen et al.,
2023). For example, when prompted with
“The mother tongue of Angela Merkel is”, an
LLM will predict “German”, the correct answer.
While prior studies attempted to identify com-
ponents of the model where factual knowledge
is stored (Geva et al., 2021; Dai et al., 2021;
Geva et al., 2022; Meng et al., 2022; Gurnee
and Tegmark, 2023; Katz et al., 2024; Yu and
Ananiadou, 2024) and to map the general in-
formation flow during recall (Geva et al., 2023;
Nanda et al., 2023; Chughtai et al., 2024; Wang
and Xu, 2025; Yao et al., 2024; Yu et al., 2025),
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Figure 1: Two functionally equivalent minimal
attribute-computation paths for the entity “Angela
Merkel”. Both paths are non-contiguous, skipping
intermediate layers. The blue path represents a
compact, early computation, while the orange path
illustrates a deeper, more distributed alternative.

the precise mechanics of how facts are retrieved
from model parameters remain unclear. Exist-
ing work posits that this process occurs at the
last entity token position; however, the term
“retrieval” itself is not well defined. It remains
ambiguous whether retrieval is a continuous
process of information accumulation across a
range of layers, or if it is defined by a discrete
state—a specific point where the representa-
tion becomes rich enough to elicit the specific
correct attribute. Furthermore, the transfor-
mations the entity representation undergoes
before it becomes capable of eliciting the tar-
get attribute are largely unmapped. To address
these complexities, we propose investigating the
factual recall mechanism through a new lens:
mapping the minimal computation path the en-
tity representation must undergo in order to
achieve attribute recall, in a given factual-recall
prompt.

Given a prompt with an entity with a rela-
tion (e.g., “The mother tongue of Angela Merkel
is”), and a target attribute (e.g., “German”),
we define an attribute-computation path as a



sequence of computations over the entity rep-
resentation, that together enable the LLM to
answer the prompt correctly. Each computa-
tion is implemented as a transformer layer, and
we seek a subset of layers which is both suffi-
cient and necessary for computing the desired
output. We call such a subset of layers, in
which no layer can be removed without hurting
the computation, a minimal attribute compu-
tation path, and observe that each layer along
such a minimal path plays an active role in the
factual recall process for the attribute.

We present a method to identify minimal
computation paths for a given factual recall
prompt, and use it to extract computation
paths for a diverse set of such prompts, in
two open-weight LLMs (LLaMA 3.1 8B and
Qwen 3 8B). Our experiments reveal that for a
majority of target attributes:

e The minimal path naturally ends in the
early-mid layers, after which the attribute
value is fully available and no further pro-
cessing is required. This is consistent with
observations in previous works (Geva et al.,
2023; Nanda et al., 2023; Meng et al.,
2022).

o Minimal paths consist of more than a single
layer: there isn’t a single layer responsible
for knowledge retrieval for a given entity-
relation-attribute triplet, but rather the
entity must be processed by multiple layers
before the information is fully available.

e Minimal paths are often sparse and non-
contiguous: only a subset of layers partici-
pate in each factual recall process, while
others may be skipped (but the same layer
may participate in multiple factual recall
processes).

Taken together, the last two items indicate that
factual knowledge is stored in a distributed and
non-localized manner: there isn’t a single layer
or range of layers we can say is responsible for
a given fact, rather the factual information is
distributed across the parameters of multiple
layers. Our experiments further reveal “backup”
paths (Wang et al., 2022; McGrath et al., 2023):

e Minimal paths are not unique: for most
facts we explored, there is at least one al-
ternative set of layers that is sufficient for

retrieving the factual information. These
alternate paths are deeper and longer than
the primary paths the model uses in natu-
ral, non-intervened runs (Figure 1).

We find that the same factual knowledge can
be retrieved through multiple distinct compu-
tational paths within the model. This suggests
an even more complex and elaborate form of
knowledge representation, where the storage
and retrieval mechanism is not only distributed
but also highly redundant. These findings pro-
vide a new perspective on the mechanism of
factual recall (Geva et al., 2023; Meng et al.,
2022; Yu et al., 2025). We detail these, to-
gether with additional findings, in Section 6.
To locate the minimal paths, we use a novel it-
erative activation-patching protocol, described
in Section 5.

In summary, our work makes three main
contributions.

e We offer a new perspective on the sub-
process of entity enrichment (Geva et al.,
2023; Yu et al., 2025), showing that the
computation of the entity representation
for specific attribute recall unfolds as a
multi-step process involving several neces-
sary intermediate transformations, while
at the same time not requiring most model
layers.

o We reveal that multiple minimal and func-
tionally equivalent attribute computation
paths exist within the model with different
lengths and in different regions, highlight-
ing the distributed and redundant nature
of factual knowledge representation.

e We propose a novel activation patching
protocol to identify a minimal subset of
layers required for computation of an at-
tribute over the entity activations, provid-
ing a precise view of how factual knowledge
enriches the entity representations.

Based on our findings, we propose an expla-
nation for the discrepancy between where the
facts are located and where they are most ef-
fectively edited (Hase et al., 2023). We suggest
that because attribute computation requires
multiple transformations of the entity repre-
sentation, editing succeeds by intervening at a
necessary transformation stage, not necessarily
where the knowledge is localized.



2 Related Work

Entity Representation & Factual Recall.
Prior work frame factual recall in large lan-
guage model as a three-stage process (Geva
et al., 2023; Yu et al., 2025; Chughtai et al.,
2024; Nanda et al., 2023). First, early attention
layers consolidate the representation of the en-
tities initial tokens into its final token (Nanda
et al., 2023). Then, the final entity token un-
dergoes an entity enrichment phase in which
various entity attributes are loaded from the
model parameters and encoded on the (final)
entity tokens. This stage is primarily driven
by early feed-forward (MLP) sublayers (Meng
et al., 2022; Geva et al., 2023; Yu et al., 2025)
in which the knowledge resides. Finally, once
entity enrichment concludes and the knowledge
is retrieved and loaded into the entity repre-
sentation, information from the relation tokens
propagates forward in the sequence, reaching
the final token of the prompt. Then, the rep-
resentation at the final token of the prompt
queries the enriched entity representation to
extract the target attribute (Geva et al., 2023).

It is also established that the resulting rep-
resentation at the entity’s final token plays a
central role in knowledge storage and retrieval
(Geva et al., 2023; Yu et al., 2025; Hernan-
dez et al., 2023; Ghandeharioun et al., 2024).
Recent work demonstrates that, for many re-
lations, attributes can be decoded from the
entity’s final token using a simple, approxi-
mately linear transformation (Hernandez et al.,
2023). Furthermore, probing the hidden states
of this token in late—mid layers can reveal the
extent of the model’s stored knowledge about
the entity, without relying on generated out-
puts (Gottesman and Geva, 2024). When the
relation follows the entity in the prompt, en-
richment and attribute extraction can occur
not only at the entity position but also at the
relation and final positions (Yu et al., 2025;
Chughtai et al., 2024). In these cases, deeper
attention and feed-forward components store
factual knowledge linking the entity and rela-
tion to the attribute.

While Meng et al., 2022 identified stages
where representations become sufficient for at-
tribute restoration and hypothesized accumu-
lation across MLPs, the precise causal compu-
tations of this process remain under-explored.

We zoom in on the entity enrichment stage
and trace the complete causal paths by which
individual facts are loaded into the entity rep-
resentation. Our findings reveal a complex and
elaborate system in which each individual fact
requires processing by multiple LLM layers be-
fore it can be accessed: there is no single layer
in which a specific fact is retrieved.

Circuit Redundancy. Early work in mecha-
nistic interpretability of LLMs and other mod-
els focused on identifying circuits: subgraphs
of the model’s computational graph responsible
for specific behaviors (Olah et al., 2020; Elhage
et al., 2021; Wang et al., 2022; Goldowsky-Dill
et al., 2023; Ameisen et al., 2025). However,
the definition of a “circuit” is complicated by
the distributed and redundant nature of LLMs.

McGrath et al. (2023) revealed the “hydra
effects”, where the model self-repairs by activat-
ing redundant components when primary ones
are ablated. Wang et al. (2022) similarly iden-
tified “backup heads” that perform the same
function as primary heads but are only active
when the primary path is disrupted. This com-
plexity extends to model editing; Hase et al.
(2023) demonstrated that while facts can be
successfully edited at specific model locations,
the most effective editing targets often diverge
from the locations identified by standard local-
ization methods. These findings suggest that
models do not rely on a single, unique circuit
for a given task, but rather possess multiple
functionally equivalent mechanisms.

While Wang et al. (2022) revealed backup
“Name-Mover Heads” in the IOI task, and the
hydra effect (McGrath et al., 2023) has been in-
vestigated primarily regarding the information
flow to the final token, we demonstrate redun-
dancy within a different factual recall mecha-
nism: the layers performing the computation
process over the entity tokens that is used to
retrieve the attribute.

3 Preliminaries and Notations

Let 1G9 denote
1

Layers and Activations.
the input activations to layer ¢ at position 4.
A layer function Ly applied to I results in
the layer’s output 060 which serves as the

'With slight abuse of notation, we use a single index
to refer to either a single token position or a range of
tokens (corresponding to an entity).



input to the next layer, 7(-¢+1);
L1600y = ) = [it+D)

We refer to the same activations as either Q%)
or I(4+1)  depending on the context. The
layer function L, computes attention (Attn)
and MLP with residual connections:

Ly(I09) = 160 4 Q<ie) + Mg
a(<i0) = Attng(I00 . 10:0)
m(i,ﬁ) - MLP@(I(lvz) + a(§i7£))

Runs and Activation Patching. We de-
note the prediction of a model M given prompt
P as M(P). In this work we restrict ourselves to
single word predictions using greedy decoding.

Given an n tokens input prompt, the trans-
former decoder step with |L| layers computes
the values O for 1 < ¢ < |IL|;1 <i<m,in
topological order where a node 09 is com-
puted after nodes with positions < ¢ and layers
< L. A patch operation ® specifies a list of
locations (7, ¢) and a corresponding patch vec-
tor for each. A patched run M(P | ®) on an
input prompt P computes the activation vec-
tors according to their topological order, but,
whenever (i,¢) corresponds to a patching loca-
tion, I(+9 is replaced with the corresponding
value instead of its computed value, and the
computation continues.

4 Setup and Goal

To understand how factual knowledge is stored
and retrieved in LLMs, we are interested
in tracing the computations performed by a
transformer-based LLM when completing fac-
tual recall prompts such as “The mother tongue
of Angela Merkel is”. We focus our attention
on the process in which the entity representa-
tion evolves through the layers until it is suf-
ficient for the model to produce the correct
answer (“German”). Considering each layer as
performing a computation over the entity rep-
resentation, we look for what we call a minimal
attribute computation path: a subset of layers
that are required for producing the correct at-
tributes.

Factual Recall Prompts. We study
prompts of the form (e,r) — a, where e is a
subject entity, r is a relation, and a is the

target attribute to be predicted (not part
of the prompt). For example, in the above
prompt the subject entity e is “Angela Merkel”,
the relation r is “mother’s tongue”, and the
target attribute a is “German”. The relation
may appear either before the entity or after it.
Both entities and relations are drawn from a
variety of domains.

Entity Representation is the activation val-
ues at the entity position for a given prompt.
It evolves through the layers, with the repre-

sentation at layer ¢ denoted as O,

Computation Paths. A computation path is
a series of computations (a subset of layers) ap-
plied to an entity representation. An attribute
computation path is a computation path after
which the model correctly predicts the the tar-
get attribute. A minimal attribute-sufficient
computation path (or minimal attribute path for
short) is a path in which every included layer
is essential; removing any layer from this set
disrupts the computation of the attribute over
the entity activations.?

Relations to Knowledge Retrieval. FEach
layer belonging to a minimal attribute path
plays an essential role in the process of knowl-
edge retrieval for that attribute: it either ex-
tracts (parts of) the attribute value from the
model’s parameters; transforms the entity rep-
resentation to facilitate the knowledge extrac-
tion; or transforms extracted values into a form
from which the attribute can be decoded. Thus,
we consider the study of minimal attribute
paths as an essential milestone for understand-
ing factual knowledge retrieval in transformer-

based LLMs.
5 Method

In an |L|-layers transformer M for which
M(Pe,)) = a, the path [L1, Ly, ..., Lg] is at-
tribute sufficient for a. But are all the layers
necessary?

To identify a minimal attribute path, we start
by determining the termination point of the
path: the earliest layer fqu, < |L| after which
no more computations on the entity representa-
tion are needed for M to produce the attribute

2Note that "minimal" refers to the irreducability
of the path rather than its length: multiple distinct

minimal paths of different lengths may exist. Indeed,
we show that this is often the case in practice.
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Figure 2: Iterative Greedy Search for Minimal Computation Paths. We illustrate the process using
the original prompt “The mother tongue of Angela Merkel is” (Target: “German”) and the counterfactual

prompt “The mother tongue of Bill Gates is” (Target: “English”).

Failed Attempt (Left Arrow):

The algorithm attempts a maximal jump from the embeddings to layer 5, but the model predicts the
counterfactual target, marking this skip as invalid. Successful Attempt (Middle Arrow): The
algorithm identifies layer 4 as the highest layer into which a jump recovers the correct target. Next
Iteration (Right Arrow): With layer 4 established as a necessary step, treating its output as the new
source, the search repeats to identify the next maximal jump (to layer 8).

a (subsection 5.1). Second, using layer (4,
as an upper bound, we iteratively identify a
minimal sequence of layers that progressively
transform the entity embedding for recalling
attribute a (subsection 5.2). Finally, we show
that by replacing the upper bound /44, with
|L| and using the same iterative procedure, we
can identify alternative minimal attribute paths
(subsection 5.3).

5.1 Locating /.,

To bound the minimal attribute path from
above, we seek a layer ¢ whose output does
not need to be transformed by subsequent lay-
ers to produce attribute a. Removing a layer
from the end of the path amounts to overriding
its output with that of the previous layer. This
gives rise to an operation we call lock:

lock(0&9)) .= O(&H+h) e 0 vk >0
pate

This is an instance of activation patching (Vig
et al., 2020; Wang et al., 2022; Meng et al., 2022)
which we call activation locking: patching the

activations from an entity representation at
layer ¢ to all higher layers of the same entity.

For a given prompt P, we seek the earliest
layer on which we can apply lock operation and
retain the same correct attribute a:

Lattr = mﬁin s.t. M (P | lock(0Y))) = M(P)

Fig 4 (Appendix A) illustrates this process.

5.2 Minimal Path Identification

Having identified £44-, we seek to identify a
path (a sequence of layers) [Lq,, ..., La,], & <
;115 o < Loy, which forms a subset of the
model’s layers constrained by the upper bound
Latt. This sequence represents a minimal set of
layers such that, when the entity embedding is
processed only through these layers, the model
M still produces the desired output a.

To identify non-essential layers, we use
counterfactual prompts: prompts of the form
(é,7) — a where é shares the same semantic
type, number of tokens and sequence positions
with e, but for which M produces an answer
a # a. We propose a heuristic: if a layer can



process counterfactual entity data without dis-
rupting the final attribute prediction, this layer
is not necessary for the computation. Thus,
given counterfactual entity activations ngﬁter
from running M on the counterfactual prompt,
and a candidate path, we define an activation
patching operations called isolate in which: (a)

the first path layer L, receives the clean entity

embedding E’élegan; (b) each subsequent path
layer L, receives the output of the previous
path layer L,, ,; and (c) all layers between
path layers receive the corresponding activa-

tions from the counterfactual run. Formally:

isolate(layers = a1, ..., ag]) ==

o) o Bl L=
patch

Jlet=ai) ngri;lti q ! =« € layers
patch

7(e) — Ic(zfr)lter (¢ layers, [ < oy,
patch

where Ocomputed are the non-patched values
computed in the current run. The rightmost
column in Figure 2 visualizes this operation for
isolate([4,8]): the path is isolated by patching
the output of each path layer to the input of the
next path layer (e.g., patching Eéfe)an into 7(e4)
and Oéiﬁ)puted into (%), while intermediate
layers are patched with counterfactual values.

Given a prompt P ;). and fupy we say
that a path prefix [aq, ..., ax], ap < Loy is a
valid prefix of a computation path iff:

M(P | isolate(|a, ..., o)),

lock(O(e’e"“"))) = M(P)=a

We construct a minimal computational path
via an iterative greedy search starting from
the entity embedding®. If the embedding layer
itself is sufficient (i.e., locking E©) yields a),
the path is empty. Otherwise, We start with
an empty prefix (feeding the clean embedding
through all the layers) and at each step, we
extend the prefix by skipping as many layers
as possible after its last layer while remaining
a valid prefix. This strategy maximizes the
number of skipped layers at every iteration, en-
suring the final sequence is minimal. Formally,

3In our analysis (e.g., when calculating path length),

we consider the entity embedding F as the implicit start
of all paths.

we define the extension operation:

extend(path) := path @ next(path)

. ,Oékfl]) =
s.t. ([041, ..

next([a, ..

max -y Qp—1, ] is valid)

ap_1<ap<lattr

and repeatedly apply extend, starting from an
empty path, until either the last path layer
o = Lagtr ot M(Pllock(Oe2%))) = M P(P) =
a.* The process is illustrated in Figure 2.

5.3 Alternative Minimal Path

The procedure in subsection 5.2 searches for a
minimal path that reaches the sufficient repre-
sentation £ What if we relax this restric-
tion, and allow the search procedure to con-
struct paths that end after layer f44,7 Un-
der this definition a path prefix is valid if
M(P | isolate([aq, ..., ak])) = M(P) = a and
we stop the prefix extension process when lock-
ing the last prefix layer yields the correct at-
tribute.

This procedure reveals layers capable of ex-
ecuting the attribute computation even when
the information integration occurs at a different
depth than in the original forward pass.

6 Experiments and Results

Models. we experiment with two decoder-only
transformer models: LLaMA 3.1 8B (32 layers)
(Dubey et al., 2024) and Qwen 3 8B (36 layers)
(Yang et al., 2025).

Data We use the CounterFact dataset (Meng
et al., 2022), which provides prompts in the for-
mat described above, each paired with the cor-
rect target attribute. For each model, we select
2,000 prompts for which the target attribute
is a single token and this token is correctly
predicted by the model.

6.1 Main Experiments

We applied our path identification method to
the dataset to extract the causal computation
paths for all entity—attribute pairs. We im-
plemented the interventions using the NNsight
package (Fiotto-Kaufman et al., 2025). The
code will be available with camera ready.

“We allow early stopping when ay < lqtr as skip-
ping intermediate layers may allow the path to reach
sufficiency earlier than the initial upper bound. In such
cases, we redefine {44t = ay, for later analyses.



When is attribute knowledge available?
For both models, the attribute computations
complete in the early-to-mid layers (average
Lortr of 4.61 for LLaMA and 7.97 for Qwen,
although for some cases we reach up layer 15
and even 20 for both models (See Appendix B
Figure 5(a) for the complete distribution). This
aligns with previous studies on factual recall
(Geva et al., 2023; Yu et al., 2025) that also
place the conclusion of entity enrichment (for
all attributes) at these early-to-mid layers.

How is attribute knowledge constructed?
We now turn to examine the paths through
which we arrive at the final representations £
The overwhelming majority of paths lengths
(the number of layers in a path, including the
embedding layer) are > 2, with an average
of 5.91 (LLaMA) and 7.97 (Qwen). However,
many paths (33.1% of the LLaMA cases and
78.6% of Qwen’s) skip at least one layer, with
an average skip size of 0.7 for LLaMA and 2.0
for Qwen (Appendix B Figure 6). For both
models, the entities need to be processed by
several (but not all) model layers in order for
the knowledge to be available to use. The
overall number of needed layers is similar for
both models, but the Qwen paths are longer
and sparser on average.

Are the constructed representations suffi-
cient? To characterize the functional role of
Loty output (O(e’gat”)), we performed a suite of
four targeted patching interventions, ranging
from overriding this specific representation to
injecting it into all model layers (see Appendix
E for comprehensive methodology and results).

These experiments yield two insights. First,
the representation at £, is strictly necessary
for factual recall; overriding it and following
layers with a counterfactual state disrupts the
correct prediction in > 94% of cases across both
models. Second, we find that the representa-
tion constructed at £44, on its own is often not
sufficient: while injecting this representation
into all layers from £, in a counterfactual run
in some configurations restores the desired at-
tribute in almost 56% of the cases, it fails to do
so in the remaining 44%, for which activations
at intermediate path layers are also required.
This indicates that the computation path often
acts as a coherent functional unit, where ear-
lier entity representations are used for the final

Layer Usage in Attribute Computation Paths - Llama-3.1-88

10 15
Layer Index

(a) LLaMA 3.1 8B

sssss

Layer Usage in Attribute Computation Paths - Qwen3-88

10 s 2

15
Layer Index

(b) Qwen 3 8B

Figure 3: Layer Usage Patterns. Aggregated
layer utilization frequency for Primary (top row in
each panel) vs. Alternative (bottom row) computa-
tion paths.

prediction.

Existence of alternate paths. The alterna-
tive path search confirms that models contain
multiple, functionally equivalent circuits for fac-
tual computation, identifying non-identical al-
ternative paths in 80.1% (LLaMA) and 82.7%
(Qwen) of cases. Quantitative analysis (Ap-
pendix B, Figure 7) reveals that alternative
paths are universally longer (mean length: 9.47
for LLaMA, 10.47 for Qwen), relying on mas-
sive non-sequential jumps (mean skip size: 6.46
layers for LLaMA, 10.4 for Qwen).

In addition, £, shifts significantly deeper
compared to the primary path—averaging 13.93
for LLaMA and 18.06 for Qwen (Appendix B,
Figure 5). Layer usage heatmaps aggregated
across paths (Figure 3) further confirm that
these paths recruit a distinct, deeper set of
modules, effectively bypassing the primary pro-
cessing centers. Thus, while redundant paths
exist, the primary path consistently offers the
most compact route to attribute sufficiency.

Constructing additional paths via recom-
bination. We test the viability of “hybrid”
paths composed of early steps from a primary
path and later steps from an alternative path,
by concatenating a prefix from a primary path
with a valid suffix from the corresponding alter-
native path, enforcing that the resulting path
is distinct from the originals and non-trivial
(the chosen prefix from the primary does not
contain the corresponding initial segment of the



alternative). Each hybrid is evaluated using
our counterfactual patching method (subsec-
tion 5.2); success is defined as restoring the
target prediction and achieving attribute suffi-
ciency at the final layer.

The results reveal significant modular flex-
ibility. In LLaMA-3.1-8B, 35.4% of prompts
admit at least one successful hybrid path (avg.
2.75 successful combinations per prompt), while
Qwen3-8B shows a 32.8% success rate with
higher redundancy (avg. 4.13 combinations).
This proves the existence of additional compu-
tation paths beyond those identified in previous
experiments, demonstrating that different layer
sequences can perform functionally equivalent
transformations. It also indicates that layer
roles in the primary and alternate paths do not
necessarily map one-to-one: in some cases a
single layer in the primary path is accounted
for by several layers in the alternate path, or
vice versa.

6.2 Additional Experiments and
Analyses

Effect of order. While in most prompts the
relation appears before the entity (“The mother
tongue of X is”), in few of them the order is
reversed (“X’s mother tongue is”). Does this af-
fect the retrieval process? We could not identify
a strong trend, beyond the paths concluding
on later layers in LLaMa (but not in Qwen).
However, this could be due to small sample
size, and could be the topic of a future study.
Further details are available in Appendix C.

Paths in Individual Relations. We ana-
lyzed relation types with sufficient coverage
(N > 50). We observe a general correlation be-
tween semantic specificity and computational
cost (Appendix D). Broad categorical relations
(e.g., Continent) typically require fewer lay-
ers than more specific factual retrievals (e.g.,
Headquarters), suggesting that the model often
recruits longer circuits to resolve specific at-
tributes. Furthermore, per-relation layer-usage
heatmaps in Appendix D confirm that distinct
relations recruit specific sets of layers beyond
simple path length differences.

However, this length hierarchy is not uni-
versal: we observe significant rank discordance
between models and between primary and alter-
native paths. The fact that relative difficulty

shifts in the alternative setting implies that
“backup” mechanisms utilize distinct process-
ing logic rather than simply mirroring primary
circuits.

Relation to Entity Resolution. To ex-
amine the relationship between entity resolu-
tion (ER) (Ghandeharioun et al., 2024) and
attribute computation, we apply their Patch-
scopes method to multi-token entities along our
identified paths (Nprama = 1,972, Ngwen =
1,945). We use the same constant prompt used
by Ghandeharioun et al., 2024 of the form
“e1 : dy,..., e : dg, x” where each descrip-
tion d; begins with the entity name e;. We
extract the entity’s final token representation
from every layer along its computation path
(for both methods) and inject it into the = po-
sition across all target layers. We then identify
the first source—target layer pair, if any, that
decodes the full multi-token entity name.

The results (Appendix F) reveal a strong dis-
sociation between ER and attribute sufficiency.
Explicit ER steps are detected in a minority
of primary paths (12.9% for LLaMA, 9.1% for
Qwen) and even fewer alternative paths (9.1%
and 6.6%). This implies that detectable ER is
not a universal prerequisite for factual recall;
while primary paths retain slightly stronger
identity traces, attribute retrieval often occurs
implicitly without a distinguishable “identity
state” accessible to Patchscopes.

7 Discussion and Conclusion

We introduced the concept of an Attribute-
Computation Path and a novel patching proto-
col to identify such paths in LLMs. Our anal-
ysis confirmed that the computation of an at-
tribute is a multi-step, non-contiguous process
that frequently skips layers and requires multi-
ple necessary steps. Furthermore, we show that
models possess multiple, functionally equivalent
computation paths for the same fact, emphasiz-
ing a high degree of computational redundancy.

Our findings suggests that the dominant folk
view of factual storage and retrieval, in which
facts are stored in specific MLP layers, is sim-
plistic and misleading: the reality appears to
be significantly more complex, with knowledge
being stored in a distributed way across multi-
ple layers, that needs to be processed together
for an effective recall of an individual fact.



Limitations

While we showed redundancy in minimal at-
tribute computation paths exists, we did not
fully quantify it. Our estimation of model re-
dundancy is constrained by our search strategy:
we explicitly targeted two distinct path types
by defining specific upper bounds for the iter-
ative greedy search ({44, and the final model
layer). Consequently, our findings likely rep-
resent only a lower bound on the true degree
of redundancy; it is plausible that a granular
sweep of search bounds across all intermediate
layers would reveal a much larger spectrum of
functionally equivalent paths that our current
analysis did not explore.

Second, while our interventions demonstrate
that these redundant paths can be mechanis-
tically accessed in an intervention, it remains
unclear whether the model utilizes these deeper
layers for entity enrichment during a standard,
unperturbed forward pass, or if they represent
degenerate remnants of the training process.
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A Visualization of /., Identification

Figure 4 provides a detailed visualization of the
Loty identification process, using the prompt
“The mother tongue of Angela Merkel is” (Tar-
get: “German”). The figure illustrates this
step-by-step procedure in which we lock the en-
tity representation at each layer—starting from
the embeddings and moving upwards—until the
operation successfully reproduces the correct
target token.

B Extended Quantitative Analysis

In this section, we provide the detailed statisti-
cal breakdown of the identified paths. Figure
5 illustrates the distribution of the f4y, for
both the primary and alternative strategies, as
well as the layers skipping ratio in the paths.
Figure 7 offers a direct comparison between
the primary and alternative paths, quantifying
the increase in depth and path length when
the model is forced to utilize later layers for
attribute computation.

C Analysis by Prompt Structure
(Entity Position)

Here, we provide detailed results of the experi-
ments. First, we classified each prompt as one
of the following types:

e entity first: The entity appears before
the relation (e.g., “Albert Einstein was
born in...”).

e relation first: The relation appears be-
fore the entity (e.g., “The birthplace of
Albert Einstein is...”).

To perform this classification, we used GPT-
40. We provided the model with the formatted
prompt (e.g., “The official religion of Edwin of
Northumbria is”) and requested a classification
using the few-shot prompt structure in Figure
8.

Figure 9 shows the comparison of £, and
path length between these two prompt types
for the primary and the alternative paths. We
restricted our comparison to relations that had
at least 50 samples for both structure types to-
gether across both models. The number above
each bar indicates the sample size used to cal-
culate the average.
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D Relation-Specific Path Analysis

In Section 6.2, we discussed how path length
varies by relation. This section provides a com-
prehensive breakdown of these variations. First,
Figure 10 illustrates the mean path length
across all relations, sorted by the primary
path length in LLaMA-3.1-8B. Following this
overview, Figures 11 and 12 present the granu-
lar layer-usage distributions for these relations,
comparing LLaMA-3.1-8B and Qwen3-8B.

E Sufficiency of constructed
representations

To validate that the identified computational
path acts as the causal driver of factual recall,
we analyze the functional role of the entity rep-
resentation at f,4,-. We conduct four targeted
patching experiments to test the representa-
tion’s necessity and sufficiency:

1. State Knockout: We execute the min-
imal path up to fg4,, then immediately
overwrite the entity representation with a
counterfactual one. This tests if the con-
structed state is necessary for prediction.

. Forward Propagation: We inject the
representation from f,,. into all subse-
quent layers inputs (I > £444,) while keep-
ing previous layers counterfactual. This
tests if the final state alone, without the
path’s history, is sufficient to drive the
upper model layers.

. Path 4+ Continuation: We inject the
representation from £, into all path lay-
ers and to all higher layers (I > fu),
leaving only off-path intermediate layers
as counterfactual.

4. Global Broadcast: We inject the repre-
sentation from £,y into all model layers.

This procedure is applied to both the primary
and alternative paths.

Results. Both models show a strong reliance
on the output of [, identified by our methods.
For LLaMA 3.1 8B, replacing the representa-
tion with that from the counterfactual prompt
disrupted the correct prediction in 99.50% of
cases in the primary method and in 94.95% of
cases in the alternative method. For Qwen 3
8B, we observed a similar trend, with prediction
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Figure 4: £, Identification. This process identifies £, the first layer where the entity representation
is robust enough to elicit the target attribute without further processing. The labeled squares represent
the entity representation at different layers. Left & Middle (Testing an Insufficient Layer): We lock
the “Angela Merkel” representation at an early layer. The model fails to retrieve the correct attribute,
predicting a generic or nonsensical token (e.g., “The”), indicating the representation is not yet sufficient.
Right (Testing a Sufficient Layer): We lock the representation at a deeper layer. The model
successfully predicts “German”, identifying this layer as €44,
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Figure 5: Analysis of minimal computation paths for the primary method. (a) The distribution of 444,
showing both models complete attribute computation in the early-to-mid layers. (b) The distribution of
the final £,4, for the alternative path, which is significantly deeper and wider than the primary path’s

distribution.

disruption in 99.40% and 94.35% of cases for
the primary and alternative methods, respec-
tively. These findings demonstrate that in both
models, O(®latir) is not a passive byproduct of
earlier processing, but a meaningful functional
state that the model actively uses for factual
recall.
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Table 1 details the performance impact of
each intervention. Both models show a strong
reliance on the output of £, identified by our
methods. In the State Knockout setting, re-
placing the representation disrupted the correct
prediction in > 94% of cases across both mod-
els and methods, confirming that O(¢fatr) is g
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Figure 6: Analysis of minimal computation paths for the primary method. (a) Distribution of Path
Compression Ratios for LLaMA 3.1 8B. The ratio is computed as the path depth divided by the number
of steps. The first bar (ratio=1.0) represents purely sequential paths. The red dashed line acts as a
boundary, separating these sequential paths from the compressed paths (ratio > 1.0) to the right. Ratios
> 1.0 are rounded to the nearest 0.2 for visualization. (b) The corresponding distribution for Qwen 3 8B.
(c¢) A comparison of actual path length vs. path span for the primary paths. Dots below the y = x line

represent “compressed” paths that skip layers.

necessary functional state.

However, the other experiments reveal that
the final state alone is often insufficient; the
model requires the intermediate path computa-
tions to fully restore the prediction (see Table

1).

F Entity Resolution Detection
Results

In Section 6.2, we analyzed the relationship
between the attribute computation path and
the explicit resolution of the entity’s identity.

To perform this analysis, we employed the
Patchscopes method using the identical con-
stant prompt configuration from Ghandehari-
oun et al., 2024. The specific few-shot prompt
is:

13

“Syria: Syria is a country in the
Middle East, Leonardo DiCaprio:
Leonardo DiCaprio is an American
actor, Samsung: Samsung is a South
Korean multinational corporation, x”

where z serves as the placeholder for the in-
jected representation.

Figure 13 presents the quantitative results
of this analysis. It details the success rate of
detecting Entity Resolution (ER) along both
the primary and alternative computation paths
for LLaMA-3.1-8B and Qwen3-8B.
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Figure 7: Analysis of the alternative computation path. (a) Comparison of {4, for the primary path
(x-axis) vs. the alternative path (y-axis). Most points lie above the y = z line, showing the alternative
path is deeper. (b) Comparison of path length. Points are again mostly above the y = x line, indicating
the alternative path is also longer (more computational steps). (c) Distribution of Path Compression
Ratios for LLaMA 3.1 8B. The ratio is computed as the path depth divided by the number of steps. The
first bar (ratio=1.0) represents purely sequential paths. Ratios > 1.0 are rounded to the nearest 0.2 for
visualization. (d) The corresponding distribution for Qwen 3 8B.

Example 1:
Sentence: The official religion of Edwin of Northumbria is
Answer: relation

Example 2:
Sentence: In Nykarleby, the language spoken is

Answer: entity

Now, analyze the following sentence.
What appears first: the relation or the entity?

Sentence: {prompt}
Answer with only ’relation’ or ’entity’.

Figure 8: The few-shot prompt used to classify the ordering of entity and relation in the query.
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Figure 9: Analysis of £, and Path Lengths by Prompt Structure.
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Qwen3-8B: Path Length by Prompt Structure
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Figure 9: Analysis of £, and Path Lengths by Prompt Structure. (continued)
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Figure 10: Mean path length per relation. Relations are sorted by LLaMA primary path length.

LLaMA 3.1 8B

Intervention Type

Primary Alternative

State Knockout 99.50% 94.95%
Forward Prop 44.50% 76.60%
Path + Cont. 34.45% 48.25%
Global Broadcast 37.00% 61.95%

Qwen 3 8B
Primary Alternative
99.40% 94.35%
56.05% 76.85%
53.20% 64.55%
62.65% 78.65%

Table 1: Prediction failure rates across functional analysis experiments. All values indicate the percentage
of cases where the model failed to output the correct attribute.
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Layer Usage Distribution
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Figure 11: Layer Usage per Relation (Part 1). Comparison of Relations 1-5. LLaMA-3.1-8B (Left)
vs. Qwen3-8B (Right). Warmer colors indicate higher usage probability.
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Layer Usage Distribution
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Entity Resolution Success Rate (vs. Total Prompts)
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Figure 13: Entity Resolution (ER) Detection
Success Rate. The figure shows the percentage
of prompts where entity resolution was successfully
detected along the minimal computation path (rel-
ative to the prompts analyzed for each method and
model).
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