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Abstract001

Large language models (LLMs) store and re-002
call factual knowledge, yet the precise mech-003
anism of how entity representations are004
transformed to enable specific attribute re-005
trieval remains underexplored. In this work,006
we investigate this mechanism through the007
lens of an “attribute-computation path”—a008
sequence of computational steps over the009
entity representation required to elicit a010
target attribute. We then propose an itera-011
tive patching protocol to identify a minimal012
subset of layers necessary for this compu-013
tation. Applying our method to LLaMA014
3.1 8B and Qwen 3 8B, we find that these015
paths are non-contiguous, often skipping016
layers, and that models possess multiple,017
functionally-equivalent paths for the same018
entity and fact, highlighting a high degree019
of redundancy in attribute computation.020
This implies that knowledge computation021
is highly distributed, potentially explaining022
the localization-editing mismatch and sug-023
gesting that knowledge storage and retrieval024
in LLMs is far from being well understood.025

1 Introduction026

Large language models (LLMs) have been027

shown to store and recall factual knowledge ex-028

pressed as entities and their relations (Petroni029

et al., 2019; Jiang et al., 2020; Cohen et al.,030

2023). For example, when prompted with031

“The mother tongue of Angela Merkel is”, an032

LLM will predict “German”, the correct answer.033

While prior studies attempted to identify com-034

ponents of the model where factual knowledge035

is stored (Geva et al., 2021; Dai et al., 2021;036

Geva et al., 2022; Meng et al., 2022; Gurnee037

and Tegmark, 2023; Katz et al., 2024; Yu and038

Ananiadou, 2024) and to map the general in-039

formation flow during recall (Geva et al., 2023;040

Nanda et al., 2023; Chughtai et al., 2024; Wang041

and Xu, 2025; Yao et al., 2024; Yu et al., 2025),042

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 043

from model parameters remain unclear. Exist- 044

ing work posits that this process occurs at the 045

last entity token position; however, the term 046

“retrieval” itself is not well defined. It remains 047

ambiguous whether retrieval is a continuous 048

process of information accumulation across a 049

range of layers, or if it is defined by a discrete 050

state—a specific point where the representa- 051

tion becomes rich enough to elicit the specific 052

correct attribute. Furthermore, the transfor- 053

mations the entity representation undergoes 054

before it becomes capable of eliciting the tar- 055

get attribute are largely unmapped. To address 056

these complexities, we propose investigating the 057

factual recall mechanism through a new lens: 058

mapping the minimal computation path the en- 059

tity representation must undergo in order to 060

achieve attribute recall, in a given factual-recall 061

prompt. 062

Given a prompt with an entity with a rela- 063

tion (e.g., “The mother tongue of Angela Merkel 064

is”), and a target attribute (e.g., “German”), 065

we define an attribute-computation path as a 066
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sequence of computations over the entity rep-067

resentation, that together enable the LLM to068

answer the prompt correctly. Each computa-069

tion is implemented as a transformer layer, and070

we seek a subset of layers which is both suffi-071

cient and necessary for computing the desired072

output. We call such a subset of layers, in073

which no layer can be removed without hurting074

the computation, a minimal attribute compu-075

tation path, and observe that each layer along076

such a minimal path plays an active role in the077

factual recall process for the attribute.078

We present a method to identify minimal079

computation paths for a given factual recall080

prompt, and use it to extract computation081

paths for a diverse set of such prompts, in082

two open-weight LLMs (LLaMA 3.1 8B and083

Qwen 3 8B). Our experiments reveal that for a084

majority of target attributes:085

• The minimal path naturally ends in the086

early-mid layers , after which the attribute087

value is fully available and no further pro-088

cessing is required. This is consistent with089

observations in previous works (Geva et al.,090

2023; Nanda et al., 2023; Meng et al.,091

2022).092

• Minimal paths consist of more than a single093

layer : there isn’t a single layer responsible094

for knowledge retrieval for a given entity-095

relation-attribute triplet, but rather the096

entity must be processed by multiple layers097

before the information is fully available.098

• Minimal paths are often sparse and non-099

contiguous : only a subset of layers partici-100

pate in each factual recall process, while101

others may be skipped (but the same layer102

may participate in multiple factual recall103

processes).104

Taken together, the last two items indicate that105

factual knowledge is stored in a distributed and106

non-localized manner: there isn’t a single layer107

or range of layers we can say is responsible for108

a given fact, rather the factual information is109

distributed across the parameters of multiple110

layers. Our experiments further reveal “backup”111

paths (Wang et al., 2022; McGrath et al., 2023):112

• Minimal paths are not unique: for most113

facts we explored, there is at least one al-114

ternative set of layers that is sufficient for115

retrieving the factual information. These 116

alternate paths are deeper and longer than 117

the primary paths the model uses in natu- 118

ral, non-intervened runs (Figure 1). 119

We find that the same factual knowledge can 120

be retrieved through multiple distinct compu- 121

tational paths within the model. This suggests 122

an even more complex and elaborate form of 123

knowledge representation, where the storage 124

and retrieval mechanism is not only distributed 125

but also highly redundant. These findings pro- 126

vide a new perspective on the mechanism of 127

factual recall (Geva et al., 2023; Meng et al., 128

2022; Yu et al., 2025). We detail these, to- 129

gether with additional findings, in Section 6. 130

To locate the minimal paths, we use a novel it- 131

erative activation-patching protocol, described 132

in Section 5. 133

In summary, our work makes three main 134

contributions. 135

• We offer a new perspective on the sub- 136

process of entity enrichment (Geva et al., 137

2023; Yu et al., 2025), showing that the 138

computation of the entity representation 139

for specific attribute recall unfolds as a 140

multi-step process involving several neces- 141

sary intermediate transformations, while 142

at the same time not requiring most model 143

layers. 144

• We reveal that multiple minimal and func- 145

tionally equivalent attribute computation 146

paths exist within the model with different 147

lengths and in different regions, highlight- 148

ing the distributed and redundant nature 149

of factual knowledge representation. 150

• We propose a novel activation patching 151

protocol to identify a minimal subset of 152

layers required for computation of an at- 153

tribute over the entity activations, provid- 154

ing a precise view of how factual knowledge 155

enriches the entity representations. 156

Based on our findings, we propose an expla- 157

nation for the discrepancy between where the 158

facts are located and where they are most ef- 159

fectively edited (Hase et al., 2023). We suggest 160

that because attribute computation requires 161

multiple transformations of the entity repre- 162

sentation, editing succeeds by intervening at a 163

necessary transformation stage, not necessarily 164

where the knowledge is localized. 165
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2 Related Work166

Entity Representation & Factual Recall.167

Prior work frame factual recall in large lan-168

guage model as a three-stage process (Geva169

et al., 2023; Yu et al., 2025; Chughtai et al.,170

2024; Nanda et al., 2023). First, early attention171

layers consolidate the representation of the en-172

tities initial tokens into its final token (Nanda173

et al., 2023). Then, the final entity token un-174

dergoes an entity enrichment phase in which175

various entity attributes are loaded from the176

model parameters and encoded on the (final)177

entity tokens. This stage is primarily driven178

by early feed-forward (MLP) sublayers (Meng179

et al., 2022; Geva et al., 2023; Yu et al., 2025)180

in which the knowledge resides. Finally, once181

entity enrichment concludes and the knowledge182

is retrieved and loaded into the entity repre-183

sentation, information from the relation tokens184

propagates forward in the sequence, reaching185

the final token of the prompt. Then, the rep-186

resentation at the final token of the prompt187

queries the enriched entity representation to188

extract the target attribute (Geva et al., 2023).189

It is also established that the resulting rep-190

resentation at the entity’s final token plays a191

central role in knowledge storage and retrieval192

(Geva et al., 2023; Yu et al., 2025; Hernan-193

dez et al., 2023; Ghandeharioun et al., 2024).194

Recent work demonstrates that, for many re-195

lations, attributes can be decoded from the196

entity’s final token using a simple, approxi-197

mately linear transformation (Hernandez et al.,198

2023). Furthermore, probing the hidden states199

of this token in late–mid layers can reveal the200

extent of the model’s stored knowledge about201

the entity, without relying on generated out-202

puts (Gottesman and Geva, 2024). When the203

relation follows the entity in the prompt, en-204

richment and attribute extraction can occur205

not only at the entity position but also at the206

relation and final positions (Yu et al., 2025;207

Chughtai et al., 2024). In these cases, deeper208

attention and feed-forward components store209

factual knowledge linking the entity and rela-210

tion to the attribute.211

While Meng et al., 2022 identified stages212

where representations become sufficient for at-213

tribute restoration and hypothesized accumu-214

lation across MLPs, the precise causal compu-215

tations of this process remain under-explored.216

We zoom in on the entity enrichment stage 217

and trace the complete causal paths by which 218

individual facts are loaded into the entity rep- 219

resentation. Our findings reveal a complex and 220

elaborate system in which each individual fact 221

requires processing by multiple LLM layers be- 222

fore it can be accessed: there is no single layer 223

in which a specific fact is retrieved. 224

Circuit Redundancy. Early work in mecha- 225

nistic interpretability of LLMs and other mod- 226

els focused on identifying circuits: subgraphs 227

of the model’s computational graph responsible 228

for specific behaviors (Olah et al., 2020; Elhage 229

et al., 2021; Wang et al., 2022; Goldowsky-Dill 230

et al., 2023; Ameisen et al., 2025). However, 231

the definition of a “circuit” is complicated by 232

the distributed and redundant nature of LLMs. 233

McGrath et al. (2023) revealed the “hydra 234

effects”, where the model self-repairs by activat- 235

ing redundant components when primary ones 236

are ablated. Wang et al. (2022) similarly iden- 237

tified “backup heads” that perform the same 238

function as primary heads but are only active 239

when the primary path is disrupted. This com- 240

plexity extends to model editing; Hase et al. 241

(2023) demonstrated that while facts can be 242

successfully edited at specific model locations, 243

the most effective editing targets often diverge 244

from the locations identified by standard local- 245

ization methods. These findings suggest that 246

models do not rely on a single, unique circuit 247

for a given task, but rather possess multiple 248

functionally equivalent mechanisms. 249

While Wang et al. (2022) revealed backup 250

“Name-Mover Heads” in the IOI task, and the 251

hydra effect (McGrath et al., 2023) has been in- 252

vestigated primarily regarding the information 253

flow to the final token, we demonstrate redun- 254

dancy within a different factual recall mecha- 255

nism: the layers performing the computation 256

process over the entity tokens that is used to 257

retrieve the attribute. 258

3 Preliminaries and Notations 259

Layers and Activations. Let I(i,ℓ) denote 260

the input activations to layer ℓ at position i.1 261

A layer function Lℓ applied to I(i,ℓ) results in 262

the layer’s output O(i,ℓ), which serves as the 263

1With 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).
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input to the next layer, I(i,ℓ+1):264

Lℓ(I
(i,ℓ)) = O(i,ℓ) = I(i,ℓ+1)265

We refer to the same activations as either O(i,ℓ)266

or I(i,ℓ+1), depending on the context. The267

layer function Lℓ computes attention (Attn)268

and MLP with residual connections:269

Lℓ(I
(i,ℓ)) = I(i,ℓ) + a(≤i,ℓ) +m(i,ℓ)270

a(≤i,ℓ) = Attnℓ(I
(1,ℓ), ..., I(i,ℓ))271

m(i,ℓ) = MLPℓ(I
(i,ℓ) + a(≤i,ℓ))272

Runs and Activation Patching. We de-273

note the prediction of a model M given prompt274

P as M(P). In this work we restrict ourselves to275

single word predictions using greedy decoding.276

Given an n tokens input prompt, the trans-277

former decoder step with |L| layers computes278

the values O(i,ℓ) for 1 ≤ ℓ ≤ |L|; 1 ≤ i ≤ n, in279

topological order where a node O(i,ℓ) is com-280

puted after nodes with positions ≤ i and layers281

< ℓ. A patch operation Φ specifies a list of282

locations (i, ℓ) and a corresponding patch vec-283

tor for each. A patched run M(P | Φ) on an284

input prompt P computes the activation vec-285

tors according to their topological order, but,286

whenever (i, ℓ) corresponds to a patching loca-287

tion, I(i,ℓ) is replaced with the corresponding288

value instead of its computed value, and the289

computation continues.290

4 Setup and Goal291

To understand how factual knowledge is stored292

and retrieved in LLMs, we are interested293

in tracing the computations performed by a294

transformer-based LLM when completing fac-295

tual recall prompts such as “The mother tongue296

of Angela Merkel is”. We focus our attention297

on the process in which the entity representa-298

tion evolves through the layers until it is suf-299

ficient for the model to produce the correct300

answer (“German”). Considering each layer as301

performing a computation over the entity rep-302

resentation, we look for what we call a minimal303

attribute computation path: a subset of layers304

that are required for producing the correct at-305

tributes.306

Factual Recall Prompts. We study307

prompts of the form (e, r) → a, where e is a308

subject entity, r is a relation, and a is the309

target attribute to be predicted (not part 310

of the prompt). For example, in the above 311

prompt the subject entity e is “Angela Merkel”, 312

the relation r is “mother’s tongue”, and the 313

target attribute a is “German”. The relation 314

may appear either before the entity or after it. 315

Both entities and relations are drawn from a 316

variety of domains. 317

Entity Representation is the activation val- 318

ues at the entity position for a given prompt. 319

It evolves through the layers, with the repre- 320

sentation at layer ℓ denoted as O(e,ℓ). 321

Computation Paths. A computation path is 322

a series of computations (a subset of layers) ap- 323

plied to an entity representation. An attribute 324

computation path is a computation path after 325

which the model correctly predicts the the tar- 326

get attribute. A minimal attribute-sufficient 327

computation path (or minimal attribute path for 328

short) is a path in which every included layer 329

is essential; removing any layer from this set 330

disrupts the computation of the attribute over 331

the entity activations.2 332

Relations to Knowledge Retrieval. Each 333

layer belonging to a minimal attribute path 334

plays an essential role in the process of knowl- 335

edge retrieval for that attribute: it either ex- 336

tracts (parts of) the attribute value from the 337

model’s parameters; transforms the entity rep- 338

resentation to facilitate the knowledge extrac- 339

tion; or transforms extracted values into a form 340

from which the attribute can be decoded. Thus, 341

we consider the study of minimal attribute 342

paths as an essential milestone for understand- 343

ing factual knowledge retrieval in transformer- 344

based LLMs. 345

5 Method 346

In an |L|-layers transformer M for which 347

M(P(e,r)) = a, the path [L1, L1, ..., L|L|] is at- 348

tribute sufficient for a. But are all the layers 349

necessary? 350

To identify a minimal attribute path, we start 351

by determining the termination point of the 352

path: the earliest layer ℓattr ≤ |L| after which 353

no more computations on the entity representa- 354

tion are needed for M to produce the attribute 355

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 ℓattr356

as an upper bound, we iteratively identify a357

minimal sequence of layers that progressively358

transform the entity embedding for recalling359

attribute a (subsection 5.2). Finally, we show360

that by replacing the upper bound ℓattr with361

|L| and using the same iterative procedure, we362

can identify alternative minimal attribute paths363

(subsection 5.3).364

5.1 Locating ℓattr365

To bound the minimal attribute path from366

above, we seek a layer ℓ whose output does367

not need to be transformed by subsequent lay-368

ers to produce attribute a. Removing a layer369

from the end of the path amounts to overriding370

its output with that of the previous layer. This371

gives rise to an operation we call lock :372

lock(O(e,ℓ)) := O(e,ℓ+k) ←
patch

O(e,ℓ) ∀k > 0373

This is an instance of activation patching (Vig374

et al., 2020; Wang et al., 2022; Meng et al., 2022)375

which we call activation locking : patching the376

activations from an entity representation at 377

layer ℓ to all higher layers of the same entity. 378

For a given prompt P , we seek the earliest 379

layer on which we can apply lock operation and 380

retain the same correct attribute a: 381

ℓattr = min
ℓ

s.t.M
(
P | lock(O(e,ℓ))

)
= M(P ) 382

Fig 4 (Appendix A) illustrates this process. 383

5.2 Minimal Path Identification 384

Having identified ℓattr, we seek to identify a 385

path (a sequence of layers) [Lα1 , . . . , Lαk
], αi < 386

αi+1; αk ≤ ℓattr, which forms a subset of the 387

model’s layers constrained by the upper bound 388

ℓattr. This sequence represents a minimal set of 389

layers such that, when the entity embedding is 390

processed only through these layers, the model 391

M still produces the desired output a. 392

To identify non-essential layers, we use 393

counterfactual prompts: prompts of the form 394

(ê, r) → â where ê shares the same semantic 395

type, number of tokens and sequence positions 396

with e, but for which M produces an answer 397

â ≠ a. We propose a heuristic: if a layer can 398
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process counterfactual entity data without dis-399

rupting the final attribute prediction, this layer400

is not necessary for the computation. Thus,401

given counterfactual entity activations O
(e,ℓ)
counter402

from running M on the counterfactual prompt,403

and a candidate path, we define an activation404

patching operations called isolate in which: (a)405

the first path layer Lα1 receives the clean entity406

embedding E
(e)
clean; (b) each subsequent path407

layer Lαi receives the output of the previous408

path layer Lαi−1 ; and (c) all layers between409

path layers receive the corresponding activa-410

tions from the counterfactual run. Formally:411

isolate(layers = [α1, ..., αk]) :=

:=


I(e,ℓ=α1) ←

patch
E

(e)
clean ℓ = α1

I(e,ℓ=αi) ←
patch

O
(e,αi−1)
computed ℓ = αi ∈ layers

I(e,ℓ) ←
patch

I
(e,ℓ)
counter ℓ ̸∈ layers, ℓ < αk

where Ocomputed are the non-patched values412

computed in the current run. The rightmost413

column in Figure 2 visualizes this operation for414

isolate([4,8]): the path is isolated by patching415

the output of each path layer to the input of the416

next path layer (e.g., patching E
(e)
clean into I(e,4)417

and O
(e,4)
computed into I(e,8)), while intermediate418

layers are patched with counterfactual values.419

Given a prompt P(e,r)→a and ℓattr we say420

that a path prefix [α1, ..., αk], αk ≤ ℓattr is a421

valid prefix of a computation path iff:422

M
(
P | isolate([α1, ..., αk]),423

lock(O(e,ℓattr))
)
= M(P ) = a424

We construct a minimal computational path425

via an iterative greedy search starting from426

the entity embedding3. If the embedding layer427

itself is sufficient (i.e., locking E(e) yields a),428

the path is empty. Otherwise, We start with429

an empty prefix (feeding the clean embedding430

through all the layers) and at each step, we431

extend the prefix by skipping as many layers432

as possible after its last layer while remaining433

a valid prefix. This strategy maximizes the434

number of skipped layers at every iteration, en-435

suring the final sequence is minimal. Formally,436

3In our analysis (e.g., when calculating path length),
we consider the entity embedding E as the implicit start
of all paths.

we define the extension operation: 437

extend(path) := path⊕ next(path) 438

next([α1, . . . , αk−1]) := 439

max
αk−1<αk≤ℓattr

s.t. ([α1, . . . , αk−1, αk] is valid) 440

and repeatedly apply extend, starting from an 441

empty path, until either the last path layer 442

αk = ℓattr or M(P |lock(O(e,αk))) = MP (P ) = 443

a.4 The process is illustrated in Figure 2. 444

5.3 Alternative Minimal Path 445

The procedure in subsection 5.2 searches for a 446

minimal path that reaches the sufficient repre- 447

sentation ℓattr. What if we relax this restric- 448

tion, and allow the search procedure to con- 449

struct paths that end after layer ℓattr? Un- 450

der this definition a path prefix is valid if 451

M(P | isolate([α1, ..., αk])) = M(P ) = a and 452

we stop the prefix extension process when lock- 453

ing the last prefix layer yields the correct at- 454

tribute. 455

This procedure reveals layers capable of ex- 456

ecuting the attribute computation even when 457

the information integration occurs at a different 458

depth than in the original forward pass. 459

6 Experiments and Results 460

Models. we experiment with two decoder-only 461

transformer models: LLaMA 3.1 8B (32 layers) 462

(Dubey et al., 2024) and Qwen 3 8B (36 layers) 463

(Yang et al., 2025). 464

Data We use the CounterFact dataset (Meng 465

et al., 2022), which provides prompts in the for- 466

mat described above, each paired with the cor- 467

rect target attribute. For each model, we select 468

2,000 prompts for which the target attribute 469

is a single token and this token is correctly 470

predicted by the model. 471

6.1 Main Experiments 472

We applied our path identification method to 473

the dataset to extract the causal computation 474

paths for all entity–attribute pairs. We im- 475

plemented the interventions using the NNsight 476

package (Fiotto-Kaufman et al., 2025). The 477

code will be available with camera ready. 478

4We allow early stopping when αk < ℓattr as skip-
ping intermediate layers may allow the path to reach
sufficiency earlier than the initial upper bound. In such
cases, we redefine ℓattr = αk for later analyses.
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When is attribute knowledge available?479

For both models, the attribute computations480

complete in the early-to-mid layers (average481

ℓattr of 4.61 for LLaMA and 7.97 for Qwen,482

although for some cases we reach up layer 15483

and even 20 for both models (See Appendix B484

Figure 5(a) for the complete distribution). This485

aligns with previous studies on factual recall486

(Geva et al., 2023; Yu et al., 2025) that also487

place the conclusion of entity enrichment (for488

all attributes) at these early-to-mid layers.489

How is attribute knowledge constructed?490

We now turn to examine the paths through491

which we arrive at the final representations ℓattr.492

The overwhelming majority of paths lengths493

(the number of layers in a path, including the494

embedding layer) are > 2, with an average495

of 5.91 (LLaMA) and 7.97 (Qwen). However,496

many paths (33.1% of the LLaMA cases and497

78.6% of Qwen’s) skip at least one layer, with498

an average skip size of 0.7 for LLaMA and 2.0499

for Qwen (Appendix B Figure 6). For both500

models, the entities need to be processed by501

several (but not all) model layers in order for502

the knowledge to be available to use. The503

overall number of needed layers is similar for504

both models, but the Qwen paths are longer505

and sparser on average.506

Are the constructed representations suffi-507

cient? To characterize the functional role of508

ℓattr output (O(e,ℓattr)), we performed a suite of509

four targeted patching interventions, ranging510

from overriding this specific representation to511

injecting it into all model layers (see Appendix512

E for comprehensive methodology and results).513

These experiments yield two insights. First,514

the representation at ℓattr is strictly necessary515

for factual recall; overriding it and following516

layers with a counterfactual state disrupts the517

correct prediction in > 94% of cases across both518

models. Second, we find that the representa-519

tion constructed at ℓattr on its own is often not520

sufficient: while injecting this representation521

into all layers from ℓattr in a counterfactual run522

in some configurations restores the desired at-523

tribute in almost 56% of the cases, it fails to do524

so in the remaining 44%, for which activations525

at intermediate path layers are also required.526

This indicates that the computation path often527

acts as a coherent functional unit, where ear-528

lier entity representations are used for the final529

(a) LLaMA 3.1 8B

(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. 530

Existence of alternate paths. The alterna- 531

tive path search confirms that models contain 532

multiple, functionally equivalent circuits for fac- 533

tual computation, identifying non-identical al- 534

ternative paths in 80.1% (LLaMA) and 82.7% 535

(Qwen) of cases. Quantitative analysis (Ap- 536

pendix B, Figure 7) reveals that alternative 537

paths are universally longer (mean length: 9.47 538

for LLaMA, 10.47 for Qwen), relying on mas- 539

sive non-sequential jumps (mean skip size: 6.46 540

layers for LLaMA, 10.4 for Qwen). 541

In addition, ℓattr shifts significantly deeper 542

compared to the primary path—averaging 13.93 543

for LLaMA and 18.06 for Qwen (Appendix B, 544

Figure 5). Layer usage heatmaps aggregated 545

across paths (Figure 3) further confirm that 546

these paths recruit a distinct, deeper set of 547

modules, effectively bypassing the primary pro- 548

cessing centers. Thus, while redundant paths 549

exist, the primary path consistently offers the 550

most compact route to attribute sufficiency. 551

Constructing additional paths via recom- 552

bination. We test the viability of “hybrid” 553

paths composed of early steps from a primary 554

path and later steps from an alternative path, 555

by concatenating a prefix from a primary path 556

with a valid suffix from the corresponding alter- 557

native path, enforcing that the resulting path 558

is distinct from the originals and non-trivial 559

(the chosen prefix from the primary does not 560

contain the corresponding initial segment of the 561
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alternative). Each hybrid is evaluated using562

our counterfactual patching method (subsec-563

tion 5.2); success is defined as restoring the564

target prediction and achieving attribute suffi-565

ciency at the final layer.566

The results reveal significant modular flex-567

ibility. In LLaMA-3.1-8B, 35.4% of prompts568

admit at least one successful hybrid path (avg.569

2.75 successful combinations per prompt), while570

Qwen3-8B shows a 32.8% success rate with571

higher redundancy (avg. 4.13 combinations).572

This proves the existence of additional compu-573

tation paths beyond those identified in previous574

experiments, demonstrating that different layer575

sequences can perform functionally equivalent576

transformations. It also indicates that layer577

roles in the primary and alternate paths do not578

necessarily map one-to-one: in some cases a579

single layer in the primary path is accounted580

for by several layers in the alternate path, or581

vice versa.582

6.2 Additional Experiments and583

Analyses584

Effect of order. While in most prompts the585

relation appears before the entity (“The mother586

tongue of X is”), in few of them the order is587

reversed (“X’s mother tongue is”). Does this af-588

fect the retrieval process? We could not identify589

a strong trend, beyond the paths concluding590

on later layers in LLaMa (but not in Qwen).591

However, this could be due to small sample592

size, and could be the topic of a future study.593

Further details are available in Appendix C.594

Paths in Individual Relations. We ana-595

lyzed relation types with sufficient coverage596

(N ≥ 50). We observe a general correlation be-597

tween semantic specificity and computational598

cost (Appendix D). Broad categorical relations599

(e.g., Continent) typically require fewer lay-600

ers than more specific factual retrievals (e.g.,601

Headquarters), suggesting that the model often602

recruits longer circuits to resolve specific at-603

tributes. Furthermore, per-relation layer-usage604

heatmaps in Appendix D confirm that distinct605

relations recruit specific sets of layers beyond606

simple path length differences.607

However, this length hierarchy is not uni-608

versal: we observe significant rank discordance609

between models and between primary and alter-610

native paths. The fact that relative difficulty611

shifts in the alternative setting implies that 612

“backup” mechanisms utilize distinct process- 613

ing logic rather than simply mirroring primary 614

circuits. 615

Relation to Entity Resolution. To ex- 616

amine the relationship between entity resolu- 617

tion (ER) (Ghandeharioun et al., 2024) and 618

attribute computation, we apply their Patch- 619

scopes method to multi-token entities along our 620

identified paths (NLLaMA = 1, 972, NQwen = 621

1, 945). We use the same constant prompt used 622

by Ghandeharioun et al., 2024 of the form 623

“e1 : d1,. . . , ek : dk, x” where each descrip- 624

tion di begins with the entity name ei. We 625

extract the entity’s final token representation 626

from every layer along its computation path 627

(for both methods) and inject it into the x po- 628

sition across all target layers. We then identify 629

the first source–target layer pair, if any, that 630

decodes the full multi-token entity name. 631

The results (Appendix F) reveal a strong dis- 632

sociation between ER and attribute sufficiency. 633

Explicit ER steps are detected in a minority 634

of primary paths (12.9% for LLaMA, 9.1% for 635

Qwen) and even fewer alternative paths (9.1% 636

and 6.6%). This implies that detectable ER is 637

not a universal prerequisite for factual recall; 638

while primary paths retain slightly stronger 639

identity traces, attribute retrieval often occurs 640

implicitly without a distinguishable “identity 641

state” accessible to Patchscopes. 642

7 Discussion and Conclusion 643

We introduced the concept of an Attribute- 644

Computation Path and a novel patching proto- 645

col to identify such paths in LLMs. Our anal- 646

ysis confirmed that the computation of an at- 647

tribute is a multi-step, non-contiguous process 648

that frequently skips layers and requires multi- 649

ple necessary steps. Furthermore, we show that 650

models possess multiple, functionally equivalent 651

computation paths for the same fact, emphasiz- 652

ing a high degree of computational redundancy. 653

Our findings suggests that the dominant folk 654

view of factual storage and retrieval, in which 655

facts are stored in specific MLP layers, is sim- 656

plistic and misleading: the reality appears to 657

be significantly more complex, with knowledge 658

being stored in a distributed way across multi- 659

ple layers, that needs to be processed together 660

for an effective recall of an individual fact. 661
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Limitations662

While we showed redundancy in minimal at-663

tribute computation paths exists, we did not664

fully quantify it. Our estimation of model re-665

dundancy is constrained by our search strategy:666

we explicitly targeted two distinct path types667

by defining specific upper bounds for the iter-668

ative greedy search (ℓattr and the final model669

layer). Consequently, our findings likely rep-670

resent only a lower bound on the true degree671

of redundancy; it is plausible that a granular672

sweep of search bounds across all intermediate673

layers would reveal a much larger spectrum of674

functionally equivalent paths that our current675

analysis did not explore.676

Second, while our interventions demonstrate677

that these redundant paths can be mechanis-678

tically accessed in an intervention, it remains679

unclear whether the model utilizes these deeper680

layers for entity enrichment during a standard,681

unperturbed forward pass, or if they represent682

degenerate remnants of the training process.683
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A Visualization of ℓattr Identification838

Figure 4 provides a detailed visualization of the839

ℓattr identification process, using the prompt840

“The mother tongue of Angela Merkel is” (Tar-841

get: “German”). The figure illustrates this842

step-by-step procedure in which we lock the en-843

tity representation at each layer—starting from844

the embeddings and moving upwards—until the845

operation successfully reproduces the correct846

target token.847

B Extended Quantitative Analysis848

In this section, we provide the detailed statisti-849

cal breakdown of the identified paths. Figure850

5 illustrates the distribution of the ℓattr for851

both the primary and alternative strategies, as852

well as the layers skipping ratio in the paths.853

Figure 7 offers a direct comparison between854

the primary and alternative paths, quantifying855

the increase in depth and path length when856

the model is forced to utilize later layers for857

attribute computation.858

C Analysis by Prompt Structure859

(Entity Position)860

Here, we provide detailed results of the experi-861

ments. First, we classified each prompt as one862

of the following types:863

• entity_first: The entity appears before864

the relation (e.g., “Albert Einstein was865

born in...”).866

• relation_first: The relation appears be-867

fore the entity (e.g., “The birthplace of868

Albert Einstein is...”).869

To perform this classification, we used GPT-870

4o. We provided the model with the formatted871

prompt (e.g., “The official religion of Edwin of872

Northumbria is”) and requested a classification873

using the few-shot prompt structure in Figure874

8.875

Figure 9 shows the comparison of ℓattr and876

path length between these two prompt types877

for the primary and the alternative paths. We878

restricted our comparison to relations that had879

at least 50 samples for both structure types to-880

gether across both models. The number above881

each bar indicates the sample size used to cal-882

culate the average.883

D Relation-Specific Path Analysis 884

In Section 6.2, we discussed how path length 885

varies by relation. This section provides a com- 886

prehensive breakdown of these variations. First, 887

Figure 10 illustrates the mean path length 888

across all relations, sorted by the primary 889

path length in LLaMA-3.1-8B. Following this 890

overview, Figures 11 and 12 present the granu- 891

lar layer-usage distributions for these relations, 892

comparing LLaMA-3.1-8B and Qwen3-8B. 893

E Sufficiency of constructed 894

representations 895

To validate that the identified computational 896

path acts as the causal driver of factual recall, 897

we analyze the functional role of the entity rep- 898

resentation at ℓattr. We conduct four targeted 899

patching experiments to test the representa- 900

tion’s necessity and sufficiency: 901

1. State Knockout: We execute the min- 902

imal path up to ℓattr, then immediately 903

overwrite the entity representation with a 904

counterfactual one. This tests if the con- 905

structed state is necessary for prediction. 906

2. Forward Propagation: We inject the 907

representation from ℓattr into all subse- 908

quent layers inputs (l > ℓattr) while keep- 909

ing previous layers counterfactual. This 910

tests if the final state alone, without the 911

path’s history, is sufficient to drive the 912

upper model layers. 913

3. Path + Continuation: We inject the 914

representation from ℓattr into all path lay- 915

ers and to all higher layers (l > ℓattr), 916

leaving only off-path intermediate layers 917

as counterfactual. 918

4. Global Broadcast: We inject the repre- 919

sentation from ℓattr into all model layers. 920

This procedure is applied to both the primary 921

and alternative paths. 922

Results. Both models show a strong reliance 923

on the output of lattr identified by our methods. 924

For LLaMA 3.1 8B, replacing the representa- 925

tion with that from the counterfactual prompt 926

disrupted the correct prediction in 99.50% of 927

cases in the primary method and in 94.95% of 928

cases in the alternative method. For Qwen 3 929

8B, we observed a similar trend, with prediction 930

11



Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

German

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

Merkel

…

TheThe

lo
ck

lo
ck

lo
ck

The mother Angela                   is 
tongue of         Merkel

The mother Angela                   is 
tongue of         Merkel

The mother Angela                   is 
tongue of         Merkel

Clean
Activation

Computed 
Activation

(Colors distinguish layer outputs)

L1

L2

L3

L4

L5

L6

L7

L8

L9

L10

L11

O1

O2

O3

O4

O5

O6

O7

O8

O9

O10

O11

Emb I1

I2

I3

I4

I5

I6

I7

I8

I9

I10

I11

L1

L2

L3

L4

L5

L6

L7

L8

L9

L10

L11

Figure 4: ℓattr Identification. This process identifies ℓattr, 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 ℓattr.

(a) Distribution of ℓattr (primary method). (b) Distribution of ℓattr (Alternative Path)

Figure 5: Analysis of minimal computation paths for the primary method. (a) The distribution of ℓattr,
showing both models complete attribute computation in the early-to-mid layers. (b) The distribution of
the final ℓattr 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 for931

the primary and alternative methods, respec-932

tively. These findings demonstrate that in both933

models, O(e,lattr) is not a passive byproduct of934

earlier processing, but a meaningful functional935

state that the model actively uses for factual936

recall.937

Table 1 details the performance impact of 938

each intervention. Both models show a strong 939

reliance on the output of ℓattr identified by our 940

methods. In the State Knockout setting, re- 941

placing the representation disrupted the correct 942

prediction in > 94% of cases across both mod- 943

els and methods, confirming that O(e,ℓattr) is a 944
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(a) Distribution of Path Compression Ratios (LLaMA). (b) Distribution of Path Compression Ratios (Qwen)

(c) Path length vs. path span (primary method).

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.945

However, the other experiments reveal that946

the final state alone is often insufficient; the947

model requires the intermediate path computa-948

tions to fully restore the prediction (see Table949

1).950

F Entity Resolution Detection951

Results952

In Section 6.2, we analyzed the relationship953

between the attribute computation path and954

the explicit resolution of the entity’s identity.955

To perform this analysis, we employed the956

Patchscopes method using the identical con-957

stant prompt configuration from Ghandehari-958

oun et al., 2024. The specific few-shot prompt959

is:960

“Syria: Syria is a country in the 961

Middle East, Leonardo DiCaprio: 962

Leonardo DiCaprio is an American 963

actor, Samsung: Samsung is a South 964

Korean multinational corporation, x” 965

where x serves as the placeholder for the in- 966

jected representation. 967

Figure 13 presents the quantitative results 968

of this analysis. It details the success rate of 969

detecting Entity Resolution (ER) along both 970

the primary and alternative computation paths 971

for LLaMA-3.1-8B and Qwen3-8B. 972

13



(a) ℓattr: Primary vs. Alternative Path (b) Path Length: Primary vs. Alternative Path

(c) Distribution of Path Compression Ratios (LLaMA). (d) Distribution of Path Compression Ratios (Qwen)

Figure 7: Analysis of the alternative computation path. (a) Comparison of ℓattr for the primary path
(x-axis) vs. the alternative path (y-axis). Most points lie above the y = x 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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(a) ℓattr vs. Entity Position - LLaMA 3.1 8B.

(b) Path Length vs. Entity Position - LLaMA 3.1 8B.

(c) ℓattr vs. Entity Position - Qwen 3 8B.

Figure 9: Analysis of ℓattr and Path Lengths by Prompt Structure.
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(a) Path Length vs. Entity Position - Qwen 3 8B.

Figure 9: Analysis of ℓattr and Path Lengths by Prompt Structure. (continued)

Figure 10: Mean path length per relation. Relations are sorted by LLaMA primary path length.

LLaMA 3.1 8B Qwen 3 8B

Intervention Type Primary Alternative Primary Alternative

State Knockout 99.50% 94.95% 99.40% 94.35%
Forward Prop 44.50% 76.60% 56.05% 76.85%
Path + Cont. 34.45% 48.25% 53.20% 64.55%
Global Broadcast 37.00% 61.95% 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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LLaMA-3.1-8B Qwen3-8B

Layer Usage Distribution

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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LLaMA-3.1-8B Qwen3-8B

Layer Usage Distribution

Figure 12: Layer Usage per Relation (Part 2). Comparison of Relations 6–10.
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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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