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Abstract001

Despite displaying semantic competence, large002
language models’ internal mechanisms that003
ground abstract semantic structure remain004
insufficiently characterised. To investigate005
whether and how LLMs develop causally006
functional representations of semantic roles,007
we introduce a causal-temporal methodology008
combining contrastive minimal pairs, edge-009
attribution circuit discovery, and training-time010
tracking. Our analysis reveals that LLMs en-011
code semantic roles through highly localised012
circuits (89–92% attribution within≤28 nodes)013
that emerge gradually via structural refine-014
ment rather than phase transitions. These cir-015
cuits exhibit moderate cross-scale conservation016
(24–51% component overlap) alongside high017
spectral similarity, with larger models reusing018
similar components while rewiring connections.019
These findings suggest that LLMs form com-020
pact, causally isolated mechanisms for abstract021
semantic structure that exhibit partial transfer022
across scales and architectures.023

1 Introduction024

Do LLMs develop abstract, causally functional025

representations of semantic structure? Large026

language models (LLMs) exhibit localised circuits027

for factual recall (Goldowsky-Dill et al., 2023a;028

Meng et al., 2022), arithmetic (Conmy et al., 2023;029

Stolfo et al., 2023), and logical reasoning (Kim030

et al., 2025). However, it remains unclear whether031

such mechanisms extend to the abstract relational032

semantic structure that underlies natural language033

understanding. Current mechanistic studies of-034

ten focus on specialised algorithmic behaviours035

in trained models (e.g., induction heads, copying,036

factual associations (Meng et al., 2022; Kissane037

et al., 2024)), leaving two central gaps in our un-038

derstanding of semantic representations in LLMs.039

First, abstract semantic structure. Semantic040

roles (e.g., AGENT, THEME, INSTRUMENT) con-041

stitute a prevalent descriptive component of pred-042

icate–argument structure that generalises across 043

surface forms and syntactic realisations in natural 044

language (Fillmore, 1976). Formally, a semantic 045

role r associates a predicate p and argument posi- 046

tion i with a thematic relation: for instance, in “The 047

children played in the garden”, the LOCATION role 048

links garden to the playing event whether expressed 049

as “in the garden”, “at the garden”, or “outside 050

in the garden” (see App. A for a complete formali- 051

sation). Mechanistically, such predicate–argument 052

binding requires integrating information across to- 053

kens and abstracting from surface cues, unlike be- 054

haviours explained by positional heuristics or lexi- 055

cal templates. Whether LLMs implement this bind- 056

ing through causally functional circuits however 057

remains an open question. 058

Second, temporal emergence. Most circuit 059

analyses examine only final checkpoints, obscur- 060

ing when semantic mechanisms arise, stabilise, and 061

become computationally indispensable. Given that 062

several behaviours emerge through sharp transi- 063

tions (e.g., in-context learning, algorithmic gen- 064

eralisation (Wei et al., 2022; Nanda et al., 2023; 065

He et al., 2024)), it is unclear whether semantic- 066

role circuits likewise appear abruptly or gradually 067

consolidate. Understanding this timeline is impor- 068

tant both for training-time interventions (Aljaafari 069

et al., 2025b; Cheng et al., 2024) and for explain- 070

ing how syntactic and semantic abstractions co- 071

develop. To address these questions, we introduce 072

COMPASS (Compositional Predicate–Argument 073

Semantic Structure; Fig.1), a causal–temporal 074

methodology that combines edge-attribution patch- 075

ing (Hanna et al., 2024) with training-time circuit 076

tracking1. It investigates predicate–argument bind- 077

ing by isolating role-specific computation through 078

contrastive prompts that differ only in their role- 079

indicating scaffold (e.g., “delivered the package to 080

1Supporting code and datasets are available at a public
repository < anonymised url >
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Figure 1: COMPASS methodology. It extracts and tracks the circuits that mediate semantic-role behaviour in
LLMs, revealing where role-specific computation occurs and how it develops over training. (1) Role-cross minimal
pairs isolate predicate–argument binding. (2) EAP-IG identifies edges whose interventions affect role predictions,
producing sparse, causally functional subgraphs. (3) Temporal analysis follows these subgraphs across checkpoints
to determine when their structure stabilises and when they become computationally indispensable.

the office” vs. “with the truck”), what we term role-081

cross minimal pairs, then tracks the causal path-082

ways responsible for correct predictions. This ap-083

proach disentangles the formation of circuit struc-084

ture from its functional engagement and enables085

the evaluation of its transferability. We apply COM-086

PASS across model scales and families to answer:087

• RQ1 (Localisation): Which model components088

causally encode semantic roles?089

• RQ2 (Emergence): When do these circuits be-090

come computationally indispensable?091

• RQ3 (Generalisation): To what extent do role092

circuits transfer across model scales and architec-093

tures?094

We find that role-binding circuits localise to com-095

pact sets of attention heads and MLPs, with the096

results indicating that predicate–argument binding097

emerges through gradual refinement rather than098

sudden reorganisation. Circuit presence does not099

guarantee immediate functional use: models appear100

to allocate semantic capacity early and exploit it101

only later. Larger models reuse similar components102

while wiring them differently. By demonstrating103

causally determined, functional circuits for shallow104

semantic structure, our method provides mechanis-105

tic evidence that LLMs acquire structured semantic106

representations and offers new avenues for targeted107

circuit editing and training-time intervention. 108

Contributions. We summarise our contributions 109

as: (i) introduce COMPASS, a causal–temporal 110

method for discovering and tracking semantic-role 111

circuits in LLMs; (ii) show that semantic-role in- 112

formation concentrates in small sets of components 113

whose structural organisation stabilises before be- 114

coming functionally indispensable; and (iii) demon- 115

strate partial cross-scale and cross-architecture 116

transfer of these circuits. 117

2 Related Work 118

Mechanistic Interpretability (MI) and Circuit 119

Discovery. MI seeks to reverse-engineer neural 120

network computations (Bereska and Gavves, 2024). 121

Foundational work analysed how attention heads, 122

MLPs, and residual streams implement algorithms 123

(Elhage et al., 2021), leading to discoveries such 124

as induction heads (Olsson et al., 2022) and task- 125

specific circuits (Wang et al., 2023; Conmy et al., 126

2023). Causal intervention methods form the core 127

of modern circuit analysis: activation patching tests 128

causal effects by swapping activations (Meng et al., 129

2022), while gradient-based variants such as Attri- 130

bution Patching (AtP) (Nanda, 2023; Syed et al., 131

2024) improve scalability but suffer from gradi- 132

ent saturation. AtP∗ (Kramár et al., 2024) intro- 133
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duces architectural fixes; Edge Attribution Patching134

(EAP) (Hanna et al., 2024) attributes causal influ-135

ence to individual edges, with EAP-IG mitigating136

saturation via Integrated Gradients. Parallel work137

on feature disentanglement uses Sparse Autoen-138

coders (Templeton et al., 2024; Bricken et al., 2023)139

and transcoders (Dunefsky et al., 2024), but they140

are surrogate-based approaches that introduce re-141

construction errors and do not guarantee causal ne-142

cessity (Gao et al., 2025; Kantamneni et al., 2025).143

Training Dynamics and Compositional Emer-144

gence. Transformers often acquire capabilities145

through sharp transitions, including grokking-style146

shifts (Power et al., 2021; Nanda et al., 2023; Aljaa-147

fari et al., 2025b) and phase changes in in-context148

learning (Wei et al., 2022). Recent work shows lin-149

guistic structure develops progressively: subspaces150

associated with syntax and semantics become more151

coherent over training (Müller-Eberstein et al.,152

2023), and task-specific circuits emerge in coor-153

dinated phases (Tigges et al., 2024). However,154

most analyses rely on probing or scalar metrics,155

leaving open whether transitions reflect emergence156

of causally functional circuits. To our knowledge,157

no prior work combines causal circuit localisation158

with systematic temporal tracking of compositional159

semantic representations across training and scale.160

Semantic Understanding in Neural Language161

Models. While transformers achieve strong Se-162

mantic Role Labelling (Chen et al., 2025), most163

work examines accuracy rather than internal mecha-164

nisms. Probing studies suggest hierarchical linguis-165

tic knowledge organisation (Tenney et al., 2019;166

Hewitt and Manning, 2019), but probing reveals167

only linear separability, not causal involvement168

(Caucheteux et al., 2021; Conia and Navigli, 2022).169

Circuit-level interpretability has mapped concrete170

behaviours such as IOI (Wang et al., 2023) but171

has not addressed whether transformers imple-172

ment causally functional circuits for abstract predi-173

cate–argument relations, motivating our focus on174

semantic-role mechanisms.175

Method Positioning. Probing scales efficiently176

but lacks causal grounding; intervention meth-177

ods such as path patching (Goldowsky-Dill et al.,178

2023b) and causal scrubbing (Chan et al., 2022)179

provide strong guarantees but are computationally180

prohibitive across many checkpoints. Surrogate-181

based approaches introduce reconstruction arte-182

facts hindering temporal comparisons. We employ183

EAP-IG (Hanna et al., 2024), which provides path- 184

specific causal attribution directly on the original 185

model, extending it to a temporal setting to anal- 186

yse when semantic-role circuits form, stabilise, and 187

become functionally engaged across training and 188

scale (detailed comparison of methods in App. G). 189

3 Methodology 190

3.1 Semantic Role Circuits 191

Computational graph representation. Follow- 192

ing Hanna et al. (2024), we view transformer com- 193

putation as a directed acyclic graph G = (V, E) 194

where nodes u ∈ V correspond to module outputs 195

u = (type, ℓ, h, i) with type ∈ {AttnHead,MLP}, 196

layer ℓ, head h (or h = ∅ for MLPs), and position 197

i. Each u outputs an activation zu ∈ Rdmodel to the 198

residual stream, and edges (u → v) ∈ E denote 199

residual connections. 200

Task: Role-conditioned continuation. To inves- 201

tigate predicate–argument binding, we adopt a role- 202

conditioned continuation task grounded in frame 203

semantics (Fillmore, 1976) and PropBank (Palmer 204

et al., 2005a). We vary the role-indicating scaffold 205

while keeping predicate and argument fillers fixed. 206

If models represent abstract semantic roles, this 207

behaviour should be mediated by localised role 208

circuits C(r). We construct role-cross minimal 209

pairs that differ only in the scaffold: 210

“The courier delivered the package to the” 211

→ GOAL: “office” 212

“The courier delivered the package with the” 213

→ INSTRUMENT: “truck” 214

Pairs use single-token fillers and enforce token par- 215

ity (|toks(x(r))| = |toks(x(s))|). We retain only 216

items where the model predicts correct continua- 217

tions in both variants, ensuring circuits reflect func- 218

tionally active behaviour (detailed in App. B). 219

Evaluation. Task performance uses 220

next-token accuracy: CNPAcc = 221

E(x(r),y(r))

[
1
[
y(r) = argmaxv Pθ(v | x(r))

]]
. 222

Circuit attribution uses the negative log- 223

probability of the role-appropriate target: 224

LCNP(x
(r), y(r)) = − logPθ(y

(r) | x(r)), and 225

EAP-IG attributes this loss to edges to iden- 226

tify components supporting role–appropriate 227

predictions. 228
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3.2 COMPASS: Causal-Temporal Circuit229

Discovery230

COMPASS integrates causal localisation with tem-231

poral tracking to recover role circuits C(r) that ex-232

hibit (i) causal necessity, (ii) structural sparsity233

(|C(r)| ≪ |E|), and (iii) temporal stability. It identi-234

fies emergence times (t̂c, tcons) characterising when235

circuits become functional. The procedure has236

three phases (full details of method and metrics237

are in App. E and D).238

Phase 1: Causal localisation via EAP-IG. For239

each role pair (x(r), x(s)), EAP-IG (Hanna et al.,240

2024) computes edge scores approximating their241

causal contribution to LCNP: SIG
u→v = ∆⊤

u ḡv,242

where ∆u = z
(r)
u − z

(s)
u , and ḡv averages gradi-243

ents along an IG interpolation path with αk =244

k/m (we use m=5). We normalise by total245

mass: S̃IG
u→v = SIG

u→v/
∑

e∈E |SIG
e | and extract246

the top-K=200 edges by |S̃IG
u→v| at each check-247

point t to define C(r)t . Node importance is induced248

from incident edge mass: Importance(r)t (ℓ, h) =249 ∑
(u→v)∈C(r)

t
v∈(ℓ,h)

|S̃IG
u→v|.250

Phase 2: Temporal monitoring. At each251

checkpoint t, we compute causal and struc-252

tural signals, including metrics from Mueller253

et al. (2025). Faithfulness measures cir-254

cuit indispensability: Faithfulnesst(C) =255

(Mt(C)−Mt(∅))/(Mt(E)−Mt(∅)), where256

Mt(C) is CNPacc when only edges in C are257

active, Mt(E) is full-model performance,258

and Mt(∅) is null baseline. Circuit persis-259

tence is measured via Jaccard similarity:260

Stabilityt(C) = |Ct ∩ Ct+δ|/|Ct ∪ Ct+δ|, along261

with Top-K node mass and Gini coefficient.262

Phase 3: Emergence detection. We define two263

temporal markers. Consolidation time tcons marks264

when the top-K node set stabilises: tcons = min{t :265

Stabilityt(C) ≥ 0.6 for ≥ 2 steps}.266

Functional transition t̂c is the change-point267

in faithfulness, estimated by the best-fitting two-268

segment linear model via least-squares regression:269

t̂c = argmaxt R
2 (PiecewiseLinear(t)) ,270

with 95% confidence intervals via bootstrap re-271

sampling (n=1,000; details in App. D.4).272

3.3 Cross-Model Similarity273

We assess circuit transferability across models by274

comparing structure and function via graph overlap275

and spectral geometry.276

Structural overlap. Using the top-K=30 nodes 277

and edges ranked by |S̃|, we compute Jac- 278

card overlap between models i, j for each role: 279

J(Vi, Vj) = |Vi ∩ Vj |/|Vi ∪ Vj |, J(Ei, Ej) = 280

|Ei ∩ Ej |/|Ei ∪ Ej |. 281

Spectral similarity. To compare higher-order cir- 282

cuit geometry, we compute root-mean-square devi- 283

ation between the smallest k=16 eigenvalues of the 284

edge-weighted Laplacian using top-K=50 edges: 285

dspec(i, j) =

√
1
k

∑k
m=1(λ

(i)
m − λ

(j)
m )2. 286

Smaller dspec indicates similar information-flow 287

geometry despite differing edge sets (full details in 288

App. D.4). 289

4 Experimental Setup 290

Models. We select models to satisfy three criteria: 291

(i) dense training checkpoints to trace circuit forma- 292

tion, (ii) variation in scale to assess transferability, 293

and (iii) architectural diversity to distinguish gen- 294

eral strategies from implementation-specific arte- 295

facts. PYTHIA (14M, 410M, 1B) (Biderman et al., 296

2023) provides comprehensive checkpoints, en- 297

abling fine-grained analysis of circuit emergence. 298

To test whether these circuits persist beyond a sin- 299

gle family, we include LLAMA-1B (Touvron et al., 300

2023), which differs in tokenisation, training data, 301

and architectural choices. This pairing separates 302

training-time dynamics (within family) from archi- 303

tectural robustness (across families). 304

Datasets and Experimental Software. We in- 305

stantiate the role-conditioned continuation task 306

(Sec. 3.1) across eight semantic roles spanning 307

participant (BENEFICIARY, INSTRUMENT), di- 308

rectional (GOAL, SOURCE, PATH), locative and 309

temporal (LOCATION, TIME), and propositional 310

(TOPIC) categories, providing broad coverage 311

of predicate–argument structure types (Fillmore, 312

1976; Palmer et al., 2005b; Carnie, 2021). Af- 313

ter filtering to retain only examples where models 314

correctly predict role-appropriate targets in both 315

contexts, we obtain approximately 6,000–8,000 316

pairs per model across roles (exact counts appear 317

in Table 5). Full dataset construction details, role 318

categorisations, filtering procedures, and statistics 319

are provided in App. B. Software and computation 320

specifications appear in App. C.2. 321

5 Results 322

We address three research questions on semantic- 323

role circuits across eight roles using PYTHIA (14M, 324
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410M, 1B) and LLAMA-1B. For presentation clar-325

ity, we report main text results for four represen-326

tative roles, BENEFICIARY, INSTRUMENT, LOCA-327

TION, and TIME; spanning participant, locative,328

and temporal categories. Results for the remaining329

roles (GOAL, SOURCE, PATH, TOPIC) follow simi-330

lar qualitative trends and are provided in App. F.3.331

Unless otherwise specified, results refer to PYTHIA-332

1B. Comparisons across model scales and architec-333

tures are explicitly noted. Full results and metric334

definitions are given in App. F and E.335

5.1 Localisation of Role Circuits (RQ1)336

We find highly localised circuits for all tested roles,337

with the top 20 nodes capturing 89–92% of attri-338

bution mass at convergence (Tab. 1). Despite this339

shared sparsity, roles exhibit qualitatively distinct340

architectures and developmental trajectories.341

Circuit architectures vary by role. Causal-flow342

analysis (Fig. 2) reveals systematic cross-role dif-343

ferences. BENEFICIARY develops the most com-344

plex architecture, combining early attention, exten-345

sive MLP branching, and rich late-layer connectiv-346

ity with multiple value-composition operations. In347

contrast, TIME shifts from early-layer attention to348

convergent mid-to-late processing; INSTRUMENT349

stabilises to a balanced hybrid circuit; and LOCA-350

TION transitions from mid-training expansion to351

more distributed integration. Low to mid Jaccard352

overlap across roles (Fig. 4) confirms these cor-353

respond to distinct, role-specific subgraphs. Full354

circuit evolution for additional roles in App. F.4.355

Role T-5 T-10 T-20 k for 80/90/95% Gini (mass)

BENEFICIARY 0.395 0.611 0.906 16 / 20 / 25 0.439
INSTRUMENT 0.492 0.688 0.917 14 / 19 / 23 0.489
LOCATION 0.483 0.673 0.897 15 / 21 / 25 0.519
TIME 0.466 0.664 0.910 15 / 20 / 24 0.475

Table 1: Final-step concentration profiles of role cir-
cuits (step 143K). For each role, we report cumulative
attribution mass captured by the top (T-k) nodes (T-5,
T-10, T-20), the smallest k achieving 80/90/95% total
mass, and the Gini coefficient over attribution mass. To-
gether, these metrics show that role circuits are highly
sparse, with a small set of nodes dominating computa-
tion, while differences in Gini reflect variation in how
evenly mass is distributed beyond the top contributors.

Roles exhibit distinct developmental trajecto-356

ries. Temporal analysis (Fig. 3) shows heteroge-357

neous emergence dynamics. INSTRUMENT starts358

with high faithfulness, undergoes a sharp decline,359

then stabilises with edge density dipping before360

Figure 2: Evolution of the BENEFICIARY circuit
across training. The circuit reorganises from early
exploration (step 32), through mid-training feature ex-
traction (step 71K), to its final architecture (step 143K).
Edge colour encodes operation type (blue: residual;
green: value composition; dashed: negative), and edge
width indicates attribution magnitude.

rising, suggesting late consolidation into denser 361

pathways. BENEFICIARY exhibits the most pro- 362

nounced volatility: faithfulness spikes sharply at 363

step 50k, drops sharply, partially recovers; circuit 364

size decreases early but re-expands in the final 70K 365

steps, yielding a distinctive “expand–contract” pat- 366

tern. LOCATION and TIME maintain relatively 367

stable faithfulness after initial drops, with edge 368

density showing moderate fluctuations, consistent 369

with gradual strengthening of connectivity. Circuit 370

sizes contract from initialisation (29–54 nodes) to 371

convergence (31–36 nodes) across all roles, with 372

BENEFICIARY showing the largest initial size and 373

most rapid contraction. 374

Key findings. (i) Highly concentrated circuits 375

with role-specific structure. All roles converge to 376

compact circuits (89–92% mass in≤20 nodes) with 377

role-specific architectures confirmed by low cross- 378
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Figure 3: Structural and functional dynamics of role circuits across training. Faithfulness (left) shows
pronounced role-dependent volatility. In contrast, structural metrics evolve smoothly: circuit size (middle) contracts
gradually, and edge density (right) rises or stabilises, showing structure consolidates early and steadily while
functional engagement remains variable.

Figure 4: Cross-role overlap of high-importance components over training (PYTHIA–1B). Overlap remains
consistently low across training stages, indicating roles recruit largely distinct component sets, supporting circuit
differentiation rather than shared mechanisms.

role overlap. (ii) Continuous refinement, not dis-379

crete transitions. Structural metrics (circuit size,380

edge density) evolve smoothly throughout train-381

ing, indicating continuous refinement rather than382

discrete transitions. (iii) Structure–function dis-383

sociation. Faithfulness exhibits pronounced non-384

monotonicity even as circuits structurally consoli-385

date. This demonstrates that circuits can be struc-386

turally well-formed yet functionally but temporar-387

ily underutilised. (iv) Role-specific stabilisation388

timelines. Roles show distinct functional trajec-389

tories: BENEFICIARY exhibits extreme volatility,390

INSTRUMENT sharp early decline then stability,391

LOCATION and TIME moderate stability after ini-392

tial adjustment.393

5.2 Emergence Dynamics (RQ2)394

We find that role-binding circuits emerge via con-395

tinuous refinement rather than discrete phase tran-396

sitions. Roles become causally indispensable early397

(0–512 steps), but structural consolidation unfolds398

over tens of thousands of steps, producing pro-399

nounced structure–function dissociation.400

Role tind (steps) tcons (steps)

BENEFICIARY – 50,000
INSTRUMENT 32 128
LOCATION 128 128
TIME 512 5,000

Table 2: Emergence timings for role circuits. tind
marks earliest step where ablation consistently harms
performance; tcons marks when structure stabilises. All
roles consolidate within ∼2k steps, but indispensability
varies widely.

Early indispensability with heterogeneous emer- 401

gence. Roles become indispensable at different 402

stages (Tab. 2): INSTRUMENT by step 32, LOCA- 403

TION by step 128, and TIME by step 512. BENEFI- 404

CIARY exhibits fluctuating improvement in faithful- 405

ness and never exceeds our conservative indispens- 406

ability threshold (µ + σ), leaving tind undefined 407

and indicating usefulness without provable neces- 408

sity under this criterion. This dissociation likely 409

reflects differences in cue salience, frequency, and 410

computational demands. Architectural heterogene- 411

ity across roles is detailed in App. F.4. 412
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Role t̂c (steps) 95% CI

BENEFICIARY 10,000 [128, 10,000]
INSTRUMENT 50,000 [128, 10,000]
LOCATION 10,000 [128, 10,000]
TIME 5,000 [128, 114,000]

Table 3: Change-point estimates for Top-K node
mass via piecewise linear regression. Extremely wide
confidence intervals indicate gradual, continuous evolu-
tion without discrete phase transitions.

Continuous sparsification without phase tran-413

sitions. Piecewise linear regression on Top-K414

mass yields extremely wide change-point con-415

fidence intervals (CIs; Tab. 3), ruling out dis-416

crete transitions. This observation contrasts with417

grokking, where change-points are sharp, localised418

and abrupt (Power et al., 2021; Nanda et al., 2023).419

Instead, structural metrics mostly evolve smoothly420

throughout training (Fig. 3), consistent with grad-421

ual sparsification, with some per role specification422

like LOCATION exhibiting mild “expand–contract”423

patterns. Final concentration is extreme: Top-20424

nodes capture 89.7–91.7% of mass, with 95% cov-425

erage in just 23–25 nodes (Tab. 1).426

Structure–function dissociation. Although427

structural metrics evolve smoothly, faithfulness428

trajectories exhibit pronounced non-monotonicity429

(Fig. 3, left). Structural consolidation precedes430

functional indispensability by several steps (Tab. 2:431

tcons=128 vs. tind=32–512), demonstrating that432

circuit presence does not guarantee circuit433

engagement.434

Robustness to scaffold variation and frequency435

effects. To test whether circuits reflect abstract436

role binding rather than memorised lexical scaf-437

folds, we evaluate within-role paraphrases for LO-438

CATION and INSTRUMENT. Faithfulness and spar-439

sity remain largely unchanged under paraphrase440

(App. F.5). Moreover, circuit properties at con-441

vergence show weak correlations with (i) per-role442

filtered sample size and (ii) scaffold frequency in443

the pretraining corpus (App. F.6), suggesting the444

observed architectural differences are not driven by445

dataset volume or training-signal strength alone.446

Key findings. (i) Continuous refinement447

throughout training. Structural metrics evolve448

smoothly, with wide change-point CIs indicating449

no discrete phase shifts. (ii) Early indispens-450

ability, prolonged consolidation. Roles become451

indispensable within 0–512 steps, while structural452

Model pair Node J. Edge J. dspec

PYTHIA–14M ↔ PYTHIA–410M 0.24 0.11 0.12
PYTHIA–14M ↔ PYTHIA–1B 0.29 0.12 0.10
PYTHIA–410M ↔ PYTHIA–1B 0.42 0.17 0.01
PYTHIA–1B ↔ LLAMA–1B 0.51 0.14 0.02

Table 4: Cross-scale and -family similarity of role
circuits. Node-level overlap increases with model scale
while edge-level overlap remains low. Cross-family
comparison shows the highest node overlap. Values
report median Top-K Jaccard (K=30) and spectral dis-
tance. Lower dspec indicates higher functional similarity.

refinement continues for over 143K steps as attri- 453

bution mass redistributes. (iii) Structure–function 454

dissociation and delayed engagement. Circuits 455

stabilise structurally many steps before becoming 456

functionally indispensable; faithfulness shows 457

crashes and recoveries even as sparsity increases, 458

indicating that circuit presence does not mean 459

engagement. (iv) Role-specific developmental 460

trajectories. Despite shared qualitative patterns, 461

roles exhibit distinct functional dynamics reflecting 462

role-specific computational demands. 463

5.3 Cross-Scale and Cross-Family 464

Generalisation (RQ3) 465

We find moderate structural conservation (24–51% 466

node overlap) across models. They converge on 467

shared functional vocabularies while implement- 468

ing divergent routing patterns: component reuse 469

exceeds connection reuse by ∼2:1. Spectral anal- 470

ysis reveals functional alignment despite topolog- 471

ical divergence, with small eigenvalue distances 472

(< 0.02) coexisting with 76–88% edge mismatch. 473

Cross-scale correspondence. Node-level over- 474

lap increases with scale proximity (Tab. 4): 475

14M↔410M yields JV =0.24, 14M↔1B reaches 476

JV =0.29, and 410M↔1B achieves JV =0.42, the 477

strongest within-family match. Edge-level overlap 478

remains low (JE≈0.11–0.17), indicating models 479

reuse similar high-importance nodes but wire them 480

differently. Spectral distances decrease with scale 481

(dspec=0.12→0.10→0.01), suggesting progressive 482

geometric refinement: larger models realise similar 483

information-flow patterns with increasingly aligned 484

connectivity, reflecting shared training conditions 485

(e.g., corpus, optimiser) and architectural continu- 486

ity within families. 487

Cross-family correspondence. The PYTHIA- 488

1B↔LLAMA-1B comparison exhibits the high- 489

est node overlap (JV =0.51), exceeding even the 490
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closest within-Pythia pair (410M↔1B: JV =0.42).491

This suggests architectural constraints at the 1B492

scale bias both models toward similar component493

sets despite different pretraining corpora and ar-494

chitectural choices. However, edge-level overlap495

remains modest (JE=0.14) and spectral distance496

(dspec=0.02) slightly lower than the best within-497

family match. This “shared components, divergent498

wiring” pattern indicates models converge on a499

common functional vocabulary while implement-500

ing distinct routing schemas shaped by architec-501

tural and training differences.502

Figure 5: Cross-family correspondence for Location
(top) and Instrument (bottom). Node sets align sub-
stantially more than edges between PYTHIA–1B and
LLAMA–1B, suggesting shared component selection
but model-specific routing.

Role-specific patterns. Per-role analysis (Fig. 5)503

reveals heterogeneous cross-family transferabil-504

ity. LOCATION shows higher node overlap (52%)505

than INSTRUMENT (49%) between Pythia-1B and506

LLaMA-1B, but lower edge overlap (12% vs 24%),507

suggesting LOCATION’s distributed architecture508

reuses components while reorganising connec-509

tions more substantially. INSTRUMENT maintains510

stronger edge preservation (24%), consistent with511

more stable routing patterns. Across both roles,512

node-level overlap consistently exceeds edge-level513

overlap by ∼2–4×, reinforcing that component514

reuse dominates connection reuse even across ar-515

chitectural families. Cross-family overlap often516

exceeds these cross-scale values within the Pythia517

family for nearby scale pairs, with full per-role518

results and scale-specific patterns in App. F.519

Key findings. (i) Moderate structural con-520

servation across scales and families. High-521

importance nodes show 24–51% overlap; cross- 522

family correspondence (51%) exceeds strongest 523

within-family pairing (42%), indicating circuits re- 524

flect both task demands and model-specific factors. 525

(ii) Component reuse exceeds connection reuse. 526

Models converge on shared functional vocabular- 527

ies (which components matter) while diverging in 528

routing structure. (iii) Spectral alignment despite 529

topological divergence. Small spectral distances 530

coexist with large edge differences, showing mod- 531

els realise similar information–flow geometry via 532

distinct connectivity. (iv) Scale-dependent refine- 533

ment within families. Spectral distance decreases 534

monotonically across PYTHIA scales; cross-family 535

increase reflects architectural differences. 536

6 Conclusion 537

Our results characterise semantic-role circuits 538

along three dimensions. RQ1 shows that role in- 539

formation localises into compact, role-specific sub- 540

graphs. RQ2 indicates gradual emergence: func- 541

tional importance can appear early while structural 542

properties evolve, with role-dependent faithfulness. 543

RQ3 reveals partial cross-scale conservation, with 544

components reused across models but connected 545

through different routing schemes. Mechanisti- 546

cally, the absence of sharp transitions suggests 547

that circuits are shaped by sustained optimisation 548

rather than being “switched on” once competence 549

appears. From a linguistic standpoint, these cir- 550

cuits approximate role–filler bindings, central to 551

predicate–argument semantics (who did what to 552

whom, when, with what), implying partially mod- 553

ular causal mechanisms rather than purely dif- 554

fuse heuristics. COMPASS extends MI tempo- 555

rally (when circuits appear and engage), cross-scale 556

(how they persist across sizes/families), and se- 557

mantically (predicate–argument relations beyond 558

lexical cues). The presence of compact, causally 559

functional circuits and their partial transfer across 560

models suggests these mechanisms reflect under- 561

lying task structure rather than mere memorising 562

surface co-occurrences. For safety and alignment, 563

localising such mechanisms may enable targeted in- 564

terventions on specific subgraphs, complementing 565

training-time approaches that promote composi- 566

tionality (Aljaafari et al., 2025a). Heterogeneous 567

emergence timelines further motivate investigating 568

curricula or early-stopping strategies that prioritise 569

stabilising particular semantic capabilities. 570
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Limitations571

This study focuses on English and a subset of roles;572

whether similar circuits arise in typologically di-573

verse languages or richer role inventories remains574

unknown. Wide change-point confidence intervals575

reflect smooth structural trajectories, but more sen-576

sitive emergence metrics may yield finer resolu-577

tion. We analyse decoder-only architectures; en-578

coder–decoder models may exhibit different pat-579

terns. Future work should extend to multilingual580

and multimodal models, study interactions between581

semantic-role circuits and syntax or coreference582

mechanisms, and test whether analogous patterns583

appear for other semantic abstractions such as quan-584

tification, modality, or negation.585

Ethical considerations586

This work aims to improve the interpretability of se-587

mantic processing in LLMs through circuit discov-588

ery methods. While understanding internal mecha-589

nisms benefits safety research and model develop-590

ment, we acknowledge potential risks in localising591

computational pathways that could be exploited592

for targeted interventions. Our analysis focuses593

on controlled semantic tasks with comprehensive594

validation across training and scales to ensure re-595

sponsible development and transparent reporting596

of findings.597
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A.3 Predicate–Argument Binding893

Predicate–argument binding is the process of894

assigning thematic roles to the appropriate argu-895

ment tokens. It forms the structured substrate on896

which more complex semantic composition builds:897

without correct role assignment, higher-level inter-898

pretation (e.g., quantification, scope, or discourse899

reference) cannot proceed. Our study isolates this900

binding mechanism, focusing on shallow seman-901

tics, and does not address deeper semantic phenom-902

ena such as quantifier scope or anaphora.903

A.4 Computational Instantiation in904

Transformers905

In transformer models, predicate–argument binding906

might arise through: (i) attention heads routing in-907

formation between predicates and their arguments,908

(ii) distributed representations encoding role–filler909

associations, or (iii) localised circuits whose coordi-910

nated activity is causally necessary for role predic-911

tion. Our study tests for such circuits by combining912

causal edge-attribution patching, temporal emer-913

gence analysis, and cross-model comparison. Our914

goal is to determine whether transformers encode915

thematic roles via computationally indispensable916

mechanisms that are structurally localised, tem-917

porally trackable, and partially conserved across918

architectures.919

Relevance for interpretability. If transformers920

encode predicate–argument binding via compact921

circuits, this suggests that meaningful semantic ab-922

stractions emerge naturally during training. Such923

findings provide mechanistic links between repre-924

sentation learning and the acquisition of linguistic925

structure, and offer principled targets for editing926

semantic behaviour.927

B Dataset Generation Formalisation and928

Intervention Specifications929

B.1 Task: Role-Cross Next-Token Prediction930

We construct role-cross minimal pairs to isolate931

the semantic role processing. Each pair consists932

of two incomplete prompts that differ only in their933

role-indicating scaffold:934

x(r) = “The agent verb theme scaffold(r)”

x(s) = “The agent verb theme scaffold(s)”
(1)935

where scaffold(r) (e.g., “to the”, “about the”)936

indicates the semantic role r of the next token. The937

two contexts are constructed such that: 938

• In clean context x(r), target token y(r) is role- 939

appropriate and most probable 940

• In corrupted context x(s), a different token y(s) 941

appropriate for role s should be most probable 942

• Both y(r) and y(s) are drawn from a cross-role 943

lexicon, ensuring they are valid fillers for their 944

respective roles, but not for each other’s roles 945

Evaluation Task. The model performs role- 946

cross prediction correctly if it predicts the role- 947

appropriate target in each context: 948

Accuracy = 1[y(r) = argmax
v

Pθ(v | x(r))]

∧1[y(s) = argmax
v

Pθ(v | x(s))]
(2) 949

This measures whether the model correctly binds 950

different role fillers based solely on the role scaf- 951

fold, holding agent, verb, and theme constant. 952

Example.

x(GOAL) = “The driver sent the wall to the” 953

→ y(GOAL) = “office” 954

x(TOPIC) = “The driver sent the wall about the” 955

→ y(TOPIC) = “plan” 956

The scaffolds “to the” and “about the” have the 957

same token length (parity), but should activate dif- 958

ferent role-specific vocabularies. 959

B.2 Frame-Based Template Construction 960

We construct role-cross pairs inspired by Prop- 961

Bank (Palmer et al., 2005a) and FrameNet (Baker 962

et al., 1998) annotations using frame-based tem- 963

plates. Each template consists of: 964

• Frame: Semantic structure (e.g., TRANSFER, 965

COMMUNICATION) 966

• Verb: Single-token predicate (e.g., “sent”, “pre- 967

pared”) 968

• Scaffold: Role-indicating preposition phrase 969

(e.g., “to the” for GOAL, “about the” for TOPIC) 970

• Agent: Single-token subject (e.g., “driver”, 971

“worker”) 972

• Theme: Single-token object (e.g., “wall”, “pack- 973

age”) 974

• Target: Role-specific single-token filler (e.g., 975

“office” for GOAL, “plan” for TOPIC) 976
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Single-Token Constraint. All lexical items must977

tokenise to exactly one token when preceded by978

a space (GPT-NeoX/Llama convention). We val-979

idate using the target model’s tokeniser and filter980

out multi-token words. This ensures: (i) precise981

position alignment for activation patching, and (ii)982

unambiguous attribution to specific lexical items.983

Token Parity Enforcement. For each role-cross984

pair (x(r), x(s)), we enforce strict token-level par-985

ity: |toks(x(r))| = |toks(x(s))|. This is achieved986

by:987

1. Grouping scaffolds by token length (e.g., 2-988

token: “to the”, “in the”, “about the”; 1-token:989

“at”, “on”)990

2. Only pairing roles whose scaffolds have match-991

ing token lengths992

3. Keeping agent, verb, and theme constant across993

pairs994

4. Rejecting pairs that violate parity after substitu-995

tion996

Token parity is essential for EAP-IG, as activa-997

tion differences ∆u = z
(r)
u − z

(s)
u require position-998

aligned representations.999

Role-Specific Lexicons. Each semantic role has1000

a curated lexicon of plausible fillers:1001

• Goal: Places and people (“office”, “student”,1002

“school”)1003

• Location: Places (“kitchen”, “office”, “park”)1004

• Instrument: Tools (“hammer”, “knife”, “drill”)1005

• Material: Substances (“steel”, “wood”, “stone”)1006

• Topic: Abstract concepts (“plan”, “idea”, “is-1007

sue”)1008

• Beneficiary: People (“student”, “client”,1009

“friend”)1010

Lexicons are designed such that tokens are role-1011

discriminative: strongly preferred in their primary1012

role but less probable in other roles (e.g., “hammer”1013

is a good INSTRUMENT but bad TOPIC).1014

B.3 Generation Procedure1015

For each target role r and desired sample size N :1016

1. Sample target token y(r) from role r’s lexicon1017

2. Identify corrupt role s ̸= r such that:1018

• Scaffolds for r and s have matching token 1019

lengths (parity constraint) 1020

• Role s has a distinct lexicon (ensures dif- 1021

ferent target y(s)) 1022

3. Sample verb-agent-theme triple compatible with 1023

both roles 1024

4. Construct clean prefix x(r) with scaffold(r) 1025

5. Construct corrupted prefix x(s) by replacing 1026

scaffold(r) with scaffold(s) 1027

6. Sample foil token y(s) from role s’s lexicon 1028

7. Validate: 1029

• Token parity: |toks(x(r))| = |toks(x(s))| 1030

• No leakage: Neither y(r) nor y(s) appears 1031

in prefixes 1032

• All tokens are single-token 1033

8. If validation passes, add (x(r), x(s), y(r), y(s)) 1034

to dataset 1035

9. Repeat until N valid pairs obtained (patience 1036

limit: 30N attempts) 1037

B.4 Filtering Procedure 1038

We filter generated pairs to retain only examples 1039

where the model predicts the role-appropriate target 1040

in both contexts. This ensures circuits are func- 1041

tionally active: the model successfully performs 1042

role-specific binding in both clean and corrupted 1043

contexts. Examples where either prediction is in- 1044

correct are discarded, as they would not reflect 1045

active role processing. 1046

B.5 Dataset Statistics 1047

All data is in English and after filtering with models, 1048

we obtain: 1049

• Token parity: 100% (all pairs have matching 1050

token counts) 1051

• Dual prediction accuracy: 100% (by construc- 1052

tion, post-filtering: model predicts the correct 1053

target in both clean and corrupted contexts) 1054

• Cross-role coverage: Each role has at least 1055

≥450 examples 1056

Table 5 provides a per-role and model break- 1057

down. 1058
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Examples per Role Pythia-14M Pythia-410M Pythia-1B LLaMA-1B

Goal 845 895 1052 491
Location 904 673 975 815
Source 667 1206 505 612
Path 802 894 707 959
Instrument 459 1460 1212 1098
Beneficiary 773 837 621 1502
Topic 1120 1323 491 1179
Time 557 700 465 712

Table 5: Role-cross dataset statistics after filtering for all models. All examples satisfy: (i) strict token parity
between clean and corrupted contexts, (ii) model predicts target correctly in both contexts.

C Computation and parameters1059

specifications1060

C.1 Hyperparameter Selection1061

All hyperparameters were selected based on circuit1062

size constraints, computational feasibility, and ro-1063

bustness to measurement noise. We report choices1064

for attribution, sparsity measurement, emergence1065

detection, and cross-scale comparison.1066

Attribution (EAP-IG).1067

• Integrated gradients steps: 5. We use only 51068

steps due to the large number of training check-1069

points analysed. Ablation tests (not shown) con-1070

firmed 5 steps provide stable attributions whilst1071

maintaining computational tractability for multi-1072

checkpoint analysis.1073

• Metric: Negative log-probability of the role-1074

appropriate target token in the clean context:1075

L = − logPθ(y
(r) | x(r)). This loss quantifies1076

the model’s confidence in correct role binding.1077

Sparsity and Localization (RQ1).1078

• Top-K node mass: K ∈ {5, 10, 20}. We report1079

the fraction of total attribution mass captured1080

by the top-K highest-mass nodes. These values1081

span from highly concentrated cores (K=5) to1082

broader component sets (K=20).1083

• Gini coefficient: Computed over all in-circuit1084

node masses (nodes with non-zero attribution).1085

Higher Gini indicates more unequal mass distri-1086

bution (tighter concentration).1087

• Rationale: All discovered circuits contain fewer1088

than 40 active nodes at convergence, making1089

K=20 a natural threshold capturing approxi-1090

mately 50% of the component space whilst fo-1091

cusing on high-importance nodes.1092

Emergence Dynamics (RQ2). 1093

• Indispensability threshold: M(Ct)−M(Et) < 1094

0 for ≥ 2 consecutive checkpoints. Circuit per- 1095

formance must fall persistently below baseline to 1096

avoid transient noise. 1097

• Change-point detection: Two-segment piece- 1098

wise linear regression applied to faithfulness and 1099

Top-20 mass trajectories. Bootstrap resampling 1100

(n=1,000) estimates 95% confidence intervals. 1101

Minimum segment length: 2 checkpoints (pre- 1102

vents overfitting to single-step noise). 1103

• Consolidation criterion: Jaccard overlap ≥ 0.6 1104

between top-K=20 node sets over a 2-step slid- 1105

ing window. This threshold balances sensitivity 1106

(detects stabilisation) against noise (ignores mi- 1107

nor fluctuations). 1108

Cross-Scale Comparison (RQ3). 1109

• Node/edge overlap: Top-K=30 components by 1110

absolute attribution mass. We increase K from 1111

20 (used in RQ1/RQ2) to 30 for cross-scale com- 1112

parison because larger models (410M, 1B) have 1113

more active nodes; K=30 ensures we compare 1114

substantive component sets whilst maintaining 1115

focus on high-importance nodes. 1116

• Spectral distance: Computed on top-K=50 1117

edges using the lowest k=20 Laplacian eigen- 1118

values. We use more edges (K=50) for spec- 1119

tral analysis than overlap (K=30) because eigen- 1120

value computation requires sufficient connectiv- 1121

ity to yield stable spectra. The first 20 eigenval- 1122

ues capture low-frequency flow structure whilst 1123

remaining computationally tractable. 1124

• Rationale: Since all circuits contain <40 active 1125

nodes at convergence, K=30 captures ∼75% of 1126

the component space. This "hard 50% rule" en- 1127

sures overlap metrics reflect substantive similar- 1128

ity rather than trivial peripheral agreement. For 1129
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edges, K=50 balances spectral stability with fo-1130

cus on high-attribution connections.1131

Data Filtering.1132

• Correctness criterion: Retain only examples1133

where the model predicts the role-appropriate1134

target correctly in both clean and corrupted1135

contexts at baseline (full model). Formally:1136

y(r) = argmaxv Pθ(v | x(r)) AND y(s) =1137

argmaxv Pθ(v | x(s)).1138

• Rationale: This dual-correctness filter ensures1139

discovered circuits are functionally active—the1140

model successfully performs role binding in both1141

contexts, guaranteeing circuits supporting this1142

capability are present and engaged. Analysing1143

only correctly predicted examples is standard1144

practice in mechanistic interpretability (Wang1145

et al., 2023; Conmy et al., 2023) as it isolates1146

functional mechanisms rather than failure modes.1147

C.2 Computational Constraints.1148

All experiments were conducted on an NVIDIA1149

RTX A6000 GPU. Attribution over multiple check-1150

points required approximately 5 min per role for1151

Pythia-1b. The choice of 5 IG steps was necessary1152

to complete the temporal analysis within feasible1153

compute budgets whilst maintaining attribution sta-1154

bility, as confirmed by spot-checks with higher step1155

counts on selected checkpoints.1156

C.3 Software Specification.1157

Experiments were conducted using Python 3.11.131158

with NumPy 1.26.4, scikit-learn 1.7.0, scipy 1.15.3,1159

seaborn 0.13.2, tokenizers 0.21.1, torch 2.7.1,1160

transformer-lens 2.16.1, and transformers 4.52.4,1161

and trace 0.2.0.1162

C.4 Models Specifications.1163

All models were obtained from Hugging Face1164

(Wolf et al., 2019) and used under their respective1165

intended use, following their respective licenses:1166

Llama 3.2 (Meta Llama 3 Community), Pythia1167

Models (Apache license 2.0), we summarise their1168

key characteristics in Table 6. Pythia models were1169

mainly pre-trained on English data. LLama, on the1170

other hands, has additional multilingual capabili-1171

ties, including, English, German, French, Italian,1172

Portuguese, Hindi, Spanish, and Thai. The mod-1173

els employ the following tokenisation approaches:1174

Llama 3.2 uses SentencePiece-based BPE, combin-1175

ing 100K tokens from Tiktoken3 with 28K addi-1176

tional tokens to enhance multilingual performance, 1177

while Pythia employs GPT-NeoX. 1178

Model Parameters Layers Dmodel Heads Activation
Pythia 14M 1.2M 6 128 4 gelu
Pythia 410M 302M 24 2048 16 gelu
Pythia 1B 805M 16 2048 8 gelu
LLaMA3.2 1B 1.1B 16 2048 32 SiLU

Table 6: Summary of model architectures. Parameters
is the total number of trainable parameters; Layers is
number of transformer layers; Dmodel: size of word
embeddings and hidden states; Heads: number of self-
attention heads; and Activation: activation function
used in feedforward layers.

D EAP-IG formalisation 1179

EAP-IG combines the causal faithfulness of acti- 1180

vation patching (Meng et al., 2022; Wang et al., 1181

2023) with the path-sensitivity of integrated gra- 1182

dients (Sundararajan et al., 2017), addressing key 1183

limitations of alternative approaches. We detailed 1184

its steps below. 1185

D.1 Transformers as Acyclic Graphs 1186

We adopt the graph-theoretic representation from 1187

Hanna et al. (2024), modelling transformer com- 1188

putation as a directed acyclic graph G = (V, E) 1189

at module×position granularity. A node u ∈ V 1190

corresponds to a specific module output: 1191

u ∈ V ⇐⇒ u =
(
type, ℓ, h, i

)
,

type ∈ {AttnHead,MLP},
(3) 1192

where ℓ is layer index, i is the token position 1193

in the sequence, and h is head index for attention 1194

heads; h = ∅ for MLPs. The activation zu ∈ Rd 1195

is the contribution of that module to the residual 1196

stream at position i. 1197

An edge (u→ v) ∈ E exists if zu is linearly 1198

mixed into the pre-activation input sv of node v 1199

via the residual stream and layer normalisation. 1200

This yields a fine-grained graph where each edge 1201

corresponds to a specific causal pathway between 1202

modules. 1203

D.2 EAP-IG Scoring Procedure 1204

For each clean/corrupt pair, let x(c) and 1205

x(r) be the input embedding sequences 1206

for x(c)1 : t and x(r)1 : t, respectively, and 1207

z
(c)
u be the activation of node u under x(c)1:t , and 1208

z
(r)
u be activation of node u under x(r)1:t . We com- 1209

pute causal edge attributions through the following 1210

protocol: 1211
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1. Cache activations: Run the model on both1212

versions to obtain z
(c)
u and z

(r)
u for all nodes1213

u.1214

2. Compute source deltas: ∆u = z
(r)
u − z

(c)
u .1215

3. Interpolate inputs: Define the straight-line1216

interpolation x(α) = x(r) + α(x(c) − x(r))1217

for α ∈ [0, 1].1218

4. Gradient sampling: For m evenly spaced αk1219

and destination node v, at each step k, run a1220

forward pass with input x(αk) and compute1221

the gradient of the loss with respect to v’s pre-1222

activation input: g
(k)
v = ∂L(x(αk))/∂sv ∈1223

Rd.1224

5. Integrate: Average over m to obtain1225

the integrated gradient estimate ḡv =1226
1
m

∑m
k=1 g

(k)
v .1227

6. Edge score: SIG
u→v = ∆⊤

u ḡv ∈ R.1228

Intuitively, SIG
u→v approximates the first-order1229

change in the loss if the contribution of u to v’s1230

input were replaced by its corrupted counterpart,1231

averaged along the naturalistic path from corrupt1232

to clean inputs. By integrating over α, the esti-1233

mate reduces sensitivity to local saturation at the1234

clean point and captures non-linear response accu-1235

mulated along the path. We selected m = 5, as we1236

saw diminishing returns on higher values, similar1237

to the results in (Hanna et al., 2024).1238

D.3 Score Normalisation and Aggregation.1239

To enable fair comparison across layers and mod-1240

ules with different activation scales, we report both1241

raw and normalised attribution scores. The nor-1242

malised score for edge (u→v) is:1243

S̃IG
u→v =

∆⊤
u ḡv

∥∆u∥2 ∥ḡv∥2 + ε
, ε = 10−8. (4)1244

Unless otherwise stated, aggregated statistics are1245

computed on raw scores; normalization is used for1246

scale-invariant concentration measures.1247

For role-specific analysis, we aggregate edge1248

scores into role-layer heatmaps by summing abso-1249

lute scores over edges sharing a destination mod-1250

ule:1251

Importance(r)(layer = ℓ,head = h) =∑
(u→v)∈E:

v=(AttnHead,ℓ,h,·)

∣∣SIG
u→v

∣∣, (5)1252

and analogously for MLPs.1253

D.4 Circuits Evaluation metrics 1254

Faithfulness: the proportion of the clean–corrupt 1255

discrimination preserved by C: 1256

Faithfulness(C) = M(C)−M(∅)
M(E)−M(∅)

, (6) 1257

where M(C) is the metric in Section 3.2 under C, 1258

M(E) under all edges patched, and M(∅) under 1259

none patched. 1260

Temporal Consistency. Jaccard stability of top- 1261

K edge sets between checkpoints t and t′: 1262

Stability(Ct, Ct′) =
|Ct ∩ Ct′ |
|Ct ∪ Ct′ |

. (7) 1263

High stability indicates that once a role circuit 1264

emerges, it persists across training. 1265

Bootstrap CI for Change-point We estimate 1266

a split point t in (x = step, y = faithfulness) by 1267

minimising the summed residuals of two OLS lines 1268

on [x1, . . . , xt] and [xt+1, . . . , xn] with a minimum 1269

segment length of 3. For a 95% CI, we resample 1270

pairs (x, y) with replacement, sort by x, re-fit the 1271

split, map the bootstrap split x⋆t back to the original 1272

grid, and take the 2.5/97.5 percentiles over 1,000 1273

replicates. We report the point estimate t̂c and the 1274

percentile CI over steps. 1275

E Metric Definitions and Interpretation 1276

Setup. All metrics are computed on the in-circuit 1277

subgraph for each role and training step. Let G = 1278

(V,E) be a directed graph whose vertices v ∈ V 1279

are components (attention heads aℓ.h, MLPs mℓ, 1280

special nodes input/logits), and whose edges 1281

e = (u→v) ∈ E carry an attribution score s(e) ∈ 1282

R and a type τ(e) ∈ {Q,K,V,Flow}. Unless 1283

stated, strength uses absolute attribution |s(e)|. 1284

Node mass. Incident absolute attribution: 1285

mass(v) =
∑

e∈Inc(v)

|s(e)|,

Mass(G) =
∑
v∈V

mass(v).
(8) 1286

Note: Mass(G) = 2
∑

e∈E |s(e)| since each edge 1287

contributes to two endpoints. We also report Total 1288

mass as a proxy for role salience at a step. 1289

Sparsity & Targeting (per role × step) 1290

Top-K node-mass proportion.

TopK(K) =

∑K
i=1m(i)∑|V |
i=1m(i)

,

m(1) ≥ · · · ≥ m(|V |).

(9) 1291
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Range [0, 1]; higher⇒ stronger sparsity. We1292

report K ∈ {5, 10, 20}.1293

Top-P coverage. Minimal K such that1294

TopK(K) ≥ P , for P ∈ {0.80, 0.90, 0.95}.1295

Lower K indicates higher sparsity.1296

Gini coefficient (node mass). Standard Gini on1297

nonnegative masses; range [0, 1] (1 = all mass1298

on one node). Primary comparator for sparse1299

localisation (RQ1).1300

comparable across graphs of different sizes.1301

Structural / Connectivity (per role × step)1302

Nodes, Edges. |V | and |E| of the in-circuit graph.1303

Density. We use Network’s directed density:1304

density(G) =
|E|

|V |(|V | − 1)
∈ [0, 1], (10)1305

assuming no self-loops. (Implementation:1306

nx.density.)1307

Reciprocity. Fraction of directed edges participat-1308

ing in reciprocated pairs:1309

recip(G) =
L↔
L

. (11)1310

Average out-degree / weighted out-degree.

deg+ = 1
|V |

∑
v

deg+(v),

deg+w = 1
|V |

∑
v

∑
(v→u)∈E

|s(v→u)|.

(12)

1311

Edge-type fractions.

fracT =
|{e ∈ E : τ(e) = T}|

|E|
,

T ∈ {Q,K,V,Flow},∑
T

fracT = 1.

(13)1312

Bridges (undirected projection). Count edges1313

whose removal disconnects the undirected1314

projection of G (structural bottlenecks).1315

Layer span.

layer_span = max
v∈V

layer(v)−min
v∈V

layer(v).

(14)
1316

Average betweenness centrality. CB =1317
1
|V |

∑
v CB(v) on the directed graph1318

(normalized; may use sampling for effi-1319

ciency).1320

Emergence & Stability (per role) 1321

Detectability tdet (optional). First step where 1322

faithfulness exceeds an early-phase baseline 1323

plus 2σ (baseline/variance from the first 2 1324

checkpoints), persisting for ≥ 2 checkpoints. 1325

Indispensability tind. Earliest step where ablating 1326

the discovered circuit yields a statistically sig- 1327

nificant performance drop that persists for at 1328

least 2 subsequent checkpoints. 1329

Change-point t̂c (with bootstrap CI). 1330

Two-segment least-squares on yt ∈ 1331

{faithfulness,TopK(K)} with a mini- 1332

mum segment length of 3. We report t̂c with 1333

a nonparametric bootstrap 95% CI. 1334

Consolidation tcons. Earliest step post- 1335

t̂c where Top-K node sets stabilise: 1336

Jaccard(V (K)
t , V

(K)
t′ ) ≥ 0.6 for a 3-step 1337

window (persistence = 2), with K=20. 1338

Cross-scale / Cross-role Similarity 1339

Node/edge overlap across models. Mean Jac- 1340

card of Top-K node/edge sets between two 1341

models, averaged over common checkpoints. 1342

(Defaults: K=30.) 1343

Spectral similarity. For symmetrised, weighted 1344

Laplacians (wuv = |s(u↔v)|), 1345

dspec(Gi, Gj) = RMSE
(
λ1:k(Gi), λ1:k(Gj)

)
, 1346

where λ1:k are the k smallest eigenvalues. 1347

Lower is more similar. (Defaults: build undi- 1348

rected graphs from the Top-50 edges by |s|, 1349

k=20.) 1350

Within-model role overlap. Jaccard of Top-K 1351

nodes between roles at fixed steps (special- 1352

isation vs. shared scaffolding). 1353

Computation Conventions 1354

• Mass/strength metrics use absolute attribu- 1355

tions |s(e)|; sign-sensitive analyses are re- 1356

ported separately. 1357

• Type fractions follow RDF edge labels τ(e) ∈ 1358

{Q,K,V,Flow}. 1359

• Density uses nx.density on directed graphs 1360

(no self-loops). Bridges are computed on the 1361

undirected projection. 1362

17



Metric Range High Low

Top-K mass [0, 1] concentrated circuit (RQ1) diffuse attribution
Top-P coverage (K) N few nodes capture P (sparse) many nodes needed
Gini (mass) [0, 1] strong sparsity (RQ1) uniform mass
Density [0, 1] saturated links (post-t̂c) sparse links
Reciprocity [0, 1] feedback motifs feed-forward routing
Avg out-degree R≥0 broad fan-out narrow fan-out
Avg weighted out-degree R≥0 strong influence spread weak influence
Edge-type mix simplex routing vs. residual balance —
Bridges N bottlenecks (ablation targets) redundancy
Layer span N deeper integration shallow circuit
Avg betweenness [0, 1] (norm.) coordinator hubs flat routing
Top-K Jaccard (step) [0, 1] persistent circuit unstable set
Cross-model Jaccard [0, 1] architectural consistency family/scale drift
Spectral distance dspec R≥0 similar flow geometry divergent geometry

Table 7: Interpretation guide for graph metrics, with expected high and low values meaning.

Causal Flow Visualisation The causal flow di-1363

agrams (e.g., Figure 2) visualise the dominant in-1364

formation pathways within discovered circuits. We1365

construct a directed graph G = (V,E) where1366

nodes V represent model components (e.g., at-1367

tention heads aℓ,h, MLP layers mℓ, and output1368

logits) and edges E represent causal attribution1369

paths with weights wuv quantifying the contribu-1370

tion of component u to component v. Edge se-1371

lection. Rather than visualising the complete cir-1372

cuit graph, we filter to the top-k edges by attri-1373

bution magnitude |wuv| among those marked as1374

in-circuit. This selective visualisation serves two1375

purposes: (1) it highlights the dominant compu-1376

tational pathways that account for the majority of1377

causal effect, as circuits exhibit high concentra-1378

tion, and (2) it ensures interpretability, as dense1379

graphs obscure rather than illuminate mechanis-1380

tic structure. We use quantile-based thresholds1381

(95th percentile by default) with a minimum edge1382

count (12) to ensure sufficient context for interpre-1383

tation. Graph layout. Nodes are positioned via1384

multipartite layout by layer depth ℓ, flowing left-1385

to-right from inputs (ℓ = −1) through transformer1386

layers to logits (ℓ = L + 1). Edge attributes en-1387

code: width ∝ |wuv| (attribution strength), colour1388

by edge type (Query/Key/Value composition ver-1389

sus residual flow), and style (solid for positive at-1390

tribution, dashed for negative suppression). This1391

representation exposes: (i) critical computational1392

pathways for each semantic role, (ii) layer-wise1393

concentration of circuit activity, and (iii) coordina-1394

tion patterns between attention mechanisms versus1395

direct residual connections.1396

Interpretation Cheat Sheet1397

See Table 7, with full method algorithm in 1.1398

Default parameters used in the paper. Unless 1399

otherwise noted: consolidation uses K=20, Jac- 1400

card ≥ 0.6, persistence = 2; cross-model overlap 1401

uses K=30; spectral similarity uses Top-50 edges 1402

and k=20 eigenvalues. 1403

F Full Results 1404

We add the full results for Pythia-14m, Pythia- 1405

410M and LLaMA-1B. We note that all experiments 1406

were repeated on five different random seeds, and 1407

the reported results are the averaged graphs per 1408

model. 1409

F.1 RQ1: Full Localisation Results 1410

This section provides the full localisation analyses 1411

for all semantic roles, model scales, and training 1412

checkpoints, complementing the representative re- 1413

sults in the main text. For each role, we report 1414

(i) mass–concentration statistics, (ii) sparsity and 1415

coverage metrics, and (iii) stability of component 1416

sets over checkpoints. 1417

Mass concentration and sparsity. Table 8 re- 1418

ports the Top–K mass (K ∈ {5, 10, 20}) for all 1419

roles and models at the final checkpoint (143K 1420

steps). Across all settings, Top–20 nodes capture 1421

between 83% and 99% of attribution mass, confirm- 1422

ing that role circuits remain highly concentrated 1423

even in larger scales. 1424

Coverage: minimal node set sizes. Table 9 re- 1425

ports the smallest k achieving 80%, 90%, and 95% 1426

mass. Across all roles and models, fewer than 30 1427

nodes suffice for 95% coverage, again confirming 1428

that circuits remain compact even in 1B-scale ar- 1429

chitectures. 1430
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Algorithm 1 COMPASS: Causal-Temporal Circuit
Discovery

Require: Model checkpoints {θt}Tt=0, role-cross
dataset D, role r ∈ R, top-K threshold

Ensure: Circuit C(r)t for each t; emergence times
(tind, t̂c, tcons)

1: Phase 1: Causal Localisation (EAP-IG)
2: for each checkpoint t = 0, . . . , T do
3: Compute CNP scores {∆θt(y; r, s)} for all

(x(r), x(s)) ∈ D
4: Run EAP-IG to obtain edge attributions
{SIG

u→v}e∈E (Appendix D)
5: Normalise: S̃IG

u→v ← SIG
u→v/

∑
e |SIG

e |
6: Extract circuit: C(r)t ←

TopK({|S̃IG
u→v|},K)

7: end for
8: Phase 2: Temporal Monitoring
9: for each checkpoint t = 0, . . . , T do

10: Compute faithfulness Ft via ablation (See
Sec. 3.2)

11: Compute stability St via Jaccard (See
Sec. 3.2)

12: Compute structural metrics: Top-K node
mass, Gini coefficient

13: end for
14: Phase 3: Emergence Detection
15: Detect indispensability: tind ← min{t :

Mt(E)−Mt(Ct) > ϵ for ≥ 2 steps}
16: Estimate functional transition: t̂c ←

argmaxtR
2(PiecewiseLinear({Ft})) with

bootstrap CIs
17: Detect consolidation: tcons ← min{t : St ≥

0.6 for ≥ 2 steps}
18: return {C(r)t }Tt=0, (tind, t̂c, tcons)

Cross-scale similarity of component sets. Fig-1431

ures 6 and 7 summarise how role circuits1432

align across PYTHIA–14M, PYTHIA–410M, and1433

PYTHIA–1B. Node-level Top–30 overlaps vary by1434

role, ranging from JV≈0.24–0.31 between 14M1435

and 1B to JV≈0.37–0.45 between 410M and1436

1B. INSTRUMENT shows the strongest cross-scale1437

alignment (up to JV =0.45 for 410M↔1B), in-1438

dicating that its circuits are both highly compact1439

and structurally similar at larger scales. Edge-level1440

overlaps are consistently lower (JE≈0.06–0.18),1441

confirming that connection patterns diverge more1442

than the identity of high-importance nodes. Spec-1443

tral distances are smallest for the 410M↔1B pairs1444

(dspec≈0.006–0.018) and larger when 14M is in-1445

PYTHIA-14M PYTHIA-410M LLAMA-1B

Role T-5 T-10 T-20 T-5 T-10 T-20 T-5 T-10 T-20

BENEFICIARY 0.465 0.769 0.988 0.345 0.58 0.906 0.4 0.657 0.939
INSTRUMENT 0.445 0.596 0.833 0.445 0.596 0.833 0.484 0.697 0.895
LOCATION 0.368 0.557 0.841 0.368 0.557 0.841 0.413 0.636 0.882
TIME 0.501 0.713 0.985 0.445 0.610 0.852 0.443 0.677 0.961

Table 8: Top-K mass concentration at final checkpoint
(143K steps). Values show fraction of total attribution
mass captured by K highest-mass nodes, demonstrating
strong localisation across roles and model scales.

Role PYTHIA-14M PYTHIA-410M LLAMA-1B

BENEFICIARY 11 / 13 / 15 16 / 20 / 23 14 / 17 / 22
INSTRUMENT 11 / 14 / 17 19 / 24 / 28 15 / 21 / 25
LOCATION 12 / 15 / 17 19 / 23 / 27 17 / 21 / 25
TIME 10 / 14 / 18 18 / 24 / 28 14 / 17 / 20

Table 9: Minimal node count required for coverage
at the final checkpoint (143K steps). Entries report the
smallest number of nodes (k) needed to capture 80%,
90%, and 95% of total attribution mass for each role
and model, where small number of nodes constitute the
majority of mass.

volved (dspec≈0.05–0.15), suggesting that while 1446

small models already recruit broadly similar com- 1447

ponents, the overall information-flow geometry 1448

only stabilises once scale increases. 1449

Summary. Across all roles and model scales, we 1450

find that semantic-role circuits localise to highly 1451

compact subgraphs whose attributional mass is 1452

dominated by a small, stable subset of nodes. Final- 1453

step Top–20 mass consistently exceeds 0.83 (and 1454

reaches 0.97–0.99 for several roles; Table 8), and 1455

only ∼15–28 nodes are required to capture 95% 1456

of total mass (Table 9). These component sets re- 1457

main stable across training checkpoints, with only 1458

minor turnover in the highest-mass nodes. Struc- 1459

tural metrics further reveal a characteristic pattern 1460

of refinement: active node sets contract slightly 1461

over training while density increases, indicating 1462

consolidation around a pruned but increasingly in- 1463

terconnected core. Together, these results show 1464

that role circuits are both spatially localised and 1465

structurally coherent, forming compact causal path- 1466

ways that become progressively more organised as 1467

training proceeds. 1468

F.2 RQ2: Full Emergence Dynamics 1469

This appendix complements the main-text analysis 1470

by providing the full emergence dynamics results 1471

for PYTHIA–14M. We analyse three signals across 1472

training: faithfulness, indispensability, and struc- 1473

tural consolidation, and compare them to change- 1474
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Figure 6: Cross-scale spectral distance of role circuits.
Heatmaps show pairwise spectral distances between role
circuits across PYTHIA model scales (14M, 410M, 1B),
computed from the Top-50 edges and the first 20 eigen-
values. Lower values between larger models indicate
greater similarity in information-flow geometry despite
possible topological differences.

point estimates derived from piecewise linear fits. 1475

Indispensability. All roles eventually become 1476

causally necessary, but the timings vary by more 1477

than four orders of magnitude. INSTRUMENT cir- 1478

cuits are useful from the first checkpoint (tind=0), 1479

LOCATION becomes indispensable early (1k steps), 1480

and GOAL follows at 5K. TIME emerges only at 1481

mid-training (71k steps), reflecting exceptionally 1482

delayed functional reliance. These heterogeneous 1483

timings indicate that roles differ substantially in 1484

both cue learnability and the optimisation pressure 1485

required for the model to commit to a stable causal 1486

pathway. 1487

Faithfulness trajectories. Faithfulness curves 1488

exhibit pronounced non-monotonicity, with early 1489

rises, sharp drops, and late partial recoveries. IN- 1490

STRUMENT peaks early and declines; TIME rises 1491

initially, crashes after 5–10k steps, and partially 1492

recovers; GOAL and LOCATION show smoother 1493

but still multi-phase dynamics. Importantly, these 1494

fluctuations do not correspond to abrupt structural 1495

changes: functional utility is unstable even when 1496

the underlying structure is already highly concen- 1497

trated. 1498

Structural consolidation. In contrast to faithful- 1499

ness, structural metrics evolve smoothly. Top-K 1500

node sets stabilise extremely early for most roles 1501

(512 steps for GOAL, LOCATION, and TIME; 2K 1502

for INSTRUMENT). Thus, the model identifies the 1503

relevant components long before those components 1504

become functionally indispensable. Structural con- 1505

solidation is therefore not the bottleneck in circuit 1506

emergence. 1507

Change-point analysis. Two-segment piecewise 1508

fits to Top-K mass trajectories yield very wide 1509

bootstrap confidence intervals (e.g. TIME: [54, 5k]; 1510

INSTRUMENT: [64, 8K]), confirming that struc- 1511

tural sparsification is gradual rather than concen- 1512

trated at a discrete transition. Visual inspection of 1513

sparsity curves reveals smooth monotonic growth 1514

without identifiable inflection points. The structural 1515

substrate evolves continuously even when func- 1516

tional utility displays sharp changes. 1517

Final-step sparsity. By convergence (143K 1518

steps), all circuits are highly compact: Top-20 1519

mass ranges from 0.83–0.98, and only 15–18 1520

nodes suffice to cover 95% of attribution. BEN- 1521

EFICIARY is the most concentrated (95% mass in 1522
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Figure 7: Cross-scale overlap of high-importance components. Heatmaps report average Top-30 node overlap
(left) and Top-30 edge overlap (right) between role circuits across PYTHIA model scales. Node overlap consistently
exceeds edge overlap, indicating reuse of key components with divergent routing across scales.
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15 nodes), whereas INSTRUMENT and LOCATION1523

have slightly broader but still compact top-tiers.1524

Summary. Across all roles in PYTHIA–14M,1525

emergence is a gradual process in which struc-1526

tural properties stabilise early and monotonically,1527

while functional utility develops in a noisy, role-1528

dependent manner. Indispensability can lag far be-1529

hind consolidation, indicating that circuits may be1530

structurally “pre-allocated” long before the model1531

consistently relies on them. Together, these re-1532

sults support the conclusion that semantic-role cir-1533

cuits do not undergo discrete phase transitions1534

but instead emerge through continuous refinement1535

shaped by heterogeneous task signals and optimi-1536

sation dynamics.1537

F.3 Additional Semantic Roles1538

In addition to the four core roles analysed in the1539

main paper, we applied the COMPASS pipeline1540

to four further predicate–argument relations fre-1541

quently used in semantic role labelling, includ-1542

ing PATH, SOURCE, and TOPIC. Figure 9 reports1543

their emergence trajectories (faithfulness, density,1544

Top-K mass) across training checkpoints, and Ta-1545

bles 10, 11, and 12 demonstrate the indispensabil-1546

ity, concentrations and change-point estimation for1547

them, respectively.1548

Overall, these supplementary roles exhibit com-1549

parable qualitative patterns identified for the main1550

roles. Structural metrics (density and Top-K mass)1551

increase smoothly and monotonically, consistent1552

with gradual sparsification rather than discrete1553

phase transitions. In contrast, faithfulness trajecto-1554

ries are highly variable: PATH exhibits high volatil-1555

ity: faithfulness increases through early training,1556

then spikes mid-training (step 71k) before collaps-1557

ing back, indicating heavy competition with other1558

predictive cues. SOURCE shows high faithfulness1559

early training, the declines and remains consistently1560

throughout training despite structural consolida-1561

tion. TOPIC displays an early spike before settling1562

into moderate stability. GOAL maintains moderate1563

faithfulness with fluctuations mid-training, never1564

achieving the stability seen in others. These pat-1565

terns match the dissociation seen in the primary1566

roles: structural sparsity is stable and monotonic,1567

but functional utility is noisy and task-pressure de-1568

pendent. As before, structure often stabilises long1569

before a role becomes functionally useful.1570

Role tind (steps) tcons (steps)

GOAL 0 1,000
PATH 64 1,000
SOURCE 512 5,000
TOPIC 512 5,000

Table 10: Indispensability and consolidation timings
for additional roles (PYTHIA-1B model). The table
reports the earliest step at which each role becomes
indispensable (tind), and the step at which structural
consolidation occurs (tcons)

Role Top-5 Top-10 Top-20 k for 80/90/95%

GOAL 0.507 0.708 0.931 14 / 18 / 22
PATH 0.348 0.594 0.889 16 / 21 / 25
SOURCE 0.421 0.655 0.917 15 / 19 / 23
TOPIC 0.444 0.657 0.908 15 / 20 / 25

Table 11: Final-step concentration of additional role
circuits. Similar to results in the main paper, a small
k values show a limited subset of nodes constituent the
majority part of computation.

F.4 Circuit heterogeneity 1571

While our results demonstrate that semantic role 1572

circuits consistently localise to compact subgraphs, 1573

the internal organisation of these circuits varies 1574

systematically across roles and training stages. 1575

This variation reflects both the diversity of seman- 1576

tic cues associated with different roles and the 1577

flexibility of the model’s computational pathways. 1578

To characterise these differences, we examine the 1579

fine-grained structure of each circuit, its dominant 1580

components, routing patterns, and evolution over 1581

training, using causal-flow visualisations derived 1582

from the top-K=30 nodes, with edges ranked by 1583

attribution magnitude at the 95th percentile thresh- 1584

old. These analyses reveal systematic and role- 1585

dependent heterogeneity in circuit structure, both 1586

at convergence and throughout developmental tra- 1587

jectories. 1588

F.4.1 Architectural Stratification at 1589

Convergence 1590

We identify four recurrent circuit architectural 1591

types at convergence (step 143K), distinguished 1592

by attention-head addition, integration depth, and 1593

reliance on value composition operations. Table 13 1594

summarises the final circuit types, reporting node 1595

counts, attention head involvement, and dominant 1596

computational pathways. 1597

Type 1: Lexical pattern matching. GOAL and 1598

PATH rely predominantly on MLP computation 1599
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Figure 8: Emergence trajectories for each role in PYTHIA-1B. Left: faithfulness; middle: edge density; right: Top-K
node mass (Top-20). Structural measures change smoothly over training, while faithfulness exhibits role-specific
non-monotonicity.

Role t̂c (steps) 95% CI

GOAL 10,000 [128, 10,000]
PATH 10,000 [128, 128,000]
SOURCE 5,000 [128, 99,000]
TOPIC 5,000 [128, 99,000]

Table 12: Change-point estimates for Top-K node
mass. Estimates are obtained via two-segment piece-
wise linear regression, with 95% bootstrap confidence
intervals shown for each role; wide intervals indicate
gradual structural evolution.

with minimal or zero attention. PATH exhibits min-1600

imal attention involvement (18 nodes, 2 heads), we1601

hypothesise a0.h6 provides early syntactic compo-1602

sition, while a12.h2 performs targeted value com- 1603

position for the final pre-logit refinement. The dom- 1604

inant causal flow remains through the MLP back- 1605

bone, with attention providing what seems to be an 1606

auxiliary support. GOAL (18 nodes, 3 heads) im- 1607

plements a clean two-stage architecture: mid-layer 1608

feature extraction at a6.h0, followed by late-stage 1609

integration at a12.h2+V (with value composition 1610

edge) and final refinement at a14.h5. The circuit 1611

exhibits sparse connectivity with clear information 1612

bottlenecks at m6 and m12. Both roles mark a 1613

highly regular, closed set of expressions (e.g., path 1614

markers), enabling direct lexical classification with- 1615

out extensive need for contextual integration. 1616
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Figure 9: Emergence trajectories for supplementary semantic roles for the PYTHIA-1B model. Each row
corresponds to a role; columns show faithfulness, density, and Top-K mass across training.

Type 2: Multi-stage compositional integra-1617

tion. TOPIC, and SOURCE converge to moderate-1618

complexity architectures (19 nodes, 4–5 attention1619

heads) characterised by systematic multi-stage pro-1620

cessing, with m0 being connected to the majority1621

of other nodes in the circuit. TOPIC (19 nodes, 41622

heads) adds early integration of a0.h2, suggesting1623

initial scaffold detection, then follows mid-to-late1624

integration (a6.h0→a12.h2→a14.h5+V). Notably,1625

value composition shifts to the final integration1626

head (a14.h5+V) rather than at a12.h2, indicating1627

part of feature extraction occurs at the pre-logit1628

stage. SOURCE (19 nodes, 5 heads) exhibits the1629

richest attention architecture in this group: a3.h7,1630

assumably for early instrumental/causal cue detec-1631

tion, a6.h0 for mid-layer feature gathering, and 1632

three late-stage heads (a12.h2, a14.h5, a15.h5) for 1633

final disambiguation. The circuit displays clear 1634

information flow through mid-layer MLPs (m3, 1635

m6) converging to late-stage integration at m12 1636

and m15, with a15.h5 providing a final refinement 1637

pathway. 1638

Type 3: Balanced hybrid architectures. IN- 1639

STRUMENT and LOCATION exhibit moderate com- 1640

plexity (20 nodes, 4 heads each) with balanced 1641

MLP-attention integration. INSTRUMENT follows 1642

a hierarchical pattern: a3.h7 for early cue detection 1643

(likely detecting instrumental markers), a6.h0 for 1644

mid-layer extraction, and late-stage integration at 1645
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Type Role Nodes Heads Architecture

1 Path 18 2 Predominantly MLP with
early framing (a0.h6) and
late value composition
(a12.h2+V)

Goal 18 3 Mid-layer extraction
(a6.h0) with late integra-
tion (a12.h2+V, a14.h5)

2 Topic 19 4 Early frame detection (a0.h2),
mid-layer (a6.h0), late inte-
gration (a12.h2, a14.h5+V)

Source 19 5 Rich multi-stage: early
(a3.h7), mid (a6.h0), late
(a12.h2, a14.h5, a15.h5)

3 Instrument 20 4 Mid-to-late extraction and
integration (a3.h7, a6.h0,
a12.h2, a14.h5)

Location 20 4 Distributed integration (a1.h0,
a12.h2, a13.h4, a14.h5)

4 Beneficiary 22 6 Complex late-stage architec-
ture (a1.h0, a6.h0, a12.h2,
a14.h5+V, a15.h0, a15.h5)

Time 22 7 Diverse multi-stage archi-
tecture with integration of
several components (a3.h7,
a3.h5, a6.h0, a9.h2, a10.h1,
a12.h2+V, a14.h5+V, a15)

Table 13: Circuit categorisation across semantic roles
at convergence. Circuits stratify into four architectural
types reflecting the computational demands of each role.
Node counts reflect circuits extracted at the 95th per-
centile threshold with top-K=30 edges. “+V” indicates
value composition edges; heads are listed in order of
prominence in the causal-flow diagrams.

a12.h2 and a14.h5. The circuit exhibits a clear bot-1646

tleneck at m6, with multiple pathways converging1647

to m12 and m14. Notably, INSTRUMENT lacks1648

value composition at convergence, relying instead1649

on positional routing through residual connections.1650

LOCATION shows a more distributed architecture1651

with attention heads spread across early (a1.h0),1652

mid-late (a12.h2, a13.h4), and final (a14.h5) lay-1653

ers. The circuit maintains sparse MLP connectivity1654

(m1, m13, m14) with attention providing targeted1655

integration at multiple depths. Like INSTRUMENT,1656

LOCATION lacks value composition edges, suggest-1657

ing both roles have do not rely as much as others1658

on active feature extraction mechanisms in favour1659

of simpler, more efficient routing strategies by con-1660

vergence.1661

Type 4: Complex late-stage integration with dis-1662

tributed refinement. BENEFICIARY and TIME1663

exhibit the most elaborate architectures at conver-1664

gence (22 nodes each, 6–7 attention heads), main-1665

taining rich late-stage connectivity with distributed1666

processing across multiple layers. The circuit re-1667

cruits a1.h0 for early processing, a6.h0 for mid- 1668

layer extraction, and four late-stage heads: a12.h2 1669

for primary integration, a14.h5+V for feature ex- 1670

traction, and two heads (a15.h0, a15.h5) for final 1671

disambiguation. This architecture suggests BEN- 1672

EFICIARY requires parallel processing pathways 1673

to resolve persistent ambiguities, and probably the 1674

model maintains alternative hypotheses until the 1675

last computation step. The circuit’s relative com- 1676

plexity (22 nodes vs. 16–20 for other roles) and 1677

late-stage density indicate that beneficiary mark- 1678

ing, despite being syntactically constrained (e.g., 1679

“for . . . ”), requires more elaborate compositional 1680

reasoning than other participant roles, likely to dis- 1681

tinguish benefactive readings from alternative in- 1682

terpretations. TIME (22 nodes, 7 heads) exhibits 1683

similarly complex multi-stage processing with at- 1684

tention distributed across early (a3.h7), mid-layer 1685

(a6.h0, a9.h2, a10.h1), and late integration (a12.h2, 1686

a14.h5+V, a15). The circuit shows convergent in- 1687

formation flow through mid-layer MLPs (m6, m9, 1688

m10) to late-stage integration nodes (m12, m14), 1689

with value composition at a14.h5 enabling feature 1690

extraction for temporal disambiguation. This ar- 1691

chitectural complexity is surprising given that tem- 1692

poral expressions often involve closed-class mark- 1693

ers (“during the”, “at the”), but likely reflects the 1694

need to distinguish temporal from locative inter- 1695

pretations of ambiguous scaffolds (“at the”) and to 1696

resolve context-dependent temporal reference. 1697

F.4.2 Developmental Trajectories Across 1698

Training 1699

Circuit evolution from initialisation to convergence 1700

(step 143K) reveals role-specific developmental 1701

patterns. Figures 10, 11 and 12 present a sample 1702

of causal-flow diagrams at three key checkpoints, 1703

early training (step 32), mid-training (step 71000), 1704

and convergence (step 143000). These snapshots 1705

expose systematic differences in how semantic-role 1706

circuits emerge and stabilise. We study them for 1707

all roles below. 1708

Universal early complexity followed by selec- 1709

tive pruning. All roles begin training with dif- 1710

fuse connectivity and elevated node counts (15–23 1711

nodes at step 32), reflecting initial hypothesis explo- 1712

ration. At initialisation, most circuits exhibit dense 1713

early-layer attention recruitment (multiple a0.h* 1714

heads) and extensive value composition edges, sug- 1715

gesting the model initially explores compositional 1716

integration strategies broadly across all roles. By 1717
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Figure 10: Developmental trajectory for TIME role across training. Circuit evolution from initialisation (step 32)
through mid-training (step 71000) to convergence (step 143000) demonstrates progressive attention elimination.

mid-training (step 71000), circuits have begun to1718

differentiate sharply: TIME achieves near-complete1719

attention elimination (16 nodes, pure MLP), while1720

BENEFICIARY maintains a rich multi-head archi-1721

tecture (21 nodes, 7 heads). At convergence (step1722

143000), final node counts (16–22) represent reduc-1723

tions from initialisation, with architectural consoli-1724

dation complete and further refinement involving1725

only edge-weight adjustments rather than topologi-1726

cal restructuring.1727

Stratified consolidation and shared infrastruc-1728

ture. Roles follow distinct consolidation trajecto-1729

ries aligned with semantic complexity. What we as-1730

sume are more Template-matching roles (GOAL,1731

PATH) eliminate most attention: PATH retains1732

minimal heads (a0.h6, a12.h2+V). Integration- 1733

dependent roles ( INSTRUMENT, LOCATION) sta- 1734

bilise core architectures by mid-training with only 1735

minor late refinement, converging to 2–4 atten- 1736

tion heads with mid-to-late integration. Multi- 1737

phase processing roles (TOPIC, SOURCE, BEN- 1738

EFICIARY) undergo non-monotonic reorganisa- 1739

tion: TOPIC contracts then reinstates early fram- 1740

ing (a0.h2) and late value composition (a14.h5+V); 1741

SOURCE adds a3.h7 only at convergence; BENE- 1742

FICIARY and TIME maintain persistent complexity 1743

with many heads likely required for parallel disam- 1744

biguation. 1745

Across trajectories, shared integration hubs 1746

emerge at predictable stages: a12.h2 (7/8 roles) 1747
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Figure 11: Developmental trajectory for LOCATION role across training. Circuit evolution follows an expand
then contract pattern with mid-training exploration followed by late-stage pruning.

stabilises by mid-training as universal late-stage1748

integrator; a14.h5 (7/8 roles) emerges slightly later1749

for pre-logit refinement; a6.h0 (5/8 roles) provides1750

mid-layer extraction for compositional/discourse1751

roles. Early-layer attention (a0.h*, a1.h*) is system-1752

atically pruned except in PATH, TOPIC, LOCATION,1753

and BENEFICIARY, where explicit frame detec-1754

tion remains necessary. Value composition follows1755

more of explore/prune/retain dynamics: broad at1756

initialisation (6/8 roles), divergent at mid-training1757

(4 roles eliminate, 1 intensifies to 3 V-ops), and1758

selective at convergence (4 roles: PATH, GOAL,1759

TOPIC, BENEFICIARY). V-edges shift spatially1760

from early layers (a0.h*, a3.h*) to late integration1761

heads (a12.h2, a14.h5), indicating feature extrac-1762

tion is preserved only where disambiguation proves 1763

irreducible. 1764

F.5 Paraphrase-Based Within-Role Scaffold 1765

Controls (Pythia–1B) 1766

To test whether role circuits encode abstract se- 1767

mantic roles rather than overfitting to a particular 1768

lexicalised scaffold, we construct a small within- 1769

role paraphrase control set for two representative 1770

roles: LOCATION and INSTRUMENT, and we study 1771

them over our reference model PYTHIA–1B. 1772

Paraphrase construction. For each filtered ex- 1773

ample (x(r), y(r)) in the role-cross dataset (Ap- 1774

pendix B), we construct a within-role paraphrase by 1775
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Figure 12: Developmental trajectory for INSTRUMENT role across training. Circuit evolution demonstrates
stable mid-layer consolidation with minimal late-stage refinement.

replacing the original scaffold with an alternative:1776

x
(r)
para = “The agent verb theme scaffold(r

′)”
(15)1777

by replacing scaffold(r) with an alternative scaffold1778

scaffold(r
′) ∈ S(r) such that:1779

• scaffold(r
′) ̸= scaffold(r)1780

• |toks(scaffold(r′))| = |toks(scaffold(r))| (parity1781

constraint)1782

• agent, verb, theme, and target head y(r) are un-1783

changed1784

For example, 1785

S(LOCATION) = {“in the”, “at the”, “near the”}. 1786

S(INSTRUMENT) = {“with the”, “using the”, “by the”}. 1787

We then apply the same filtering criterion as for 1788

the main dataset (Section B): we retain only para- 1789

phrased prompts x(r)para for which the model contin- 1790

ues to predict the original role-appropriate target 1791

y(r) as the most probable next token. This yields a 1792

paraphrase set 1793

D(r)
para = {(x(r)para, y

(r))} (16) 1794

in which all examples are (i) semantically equiva- 1795

lent to the originals at the level of role assignment, 1796
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(ii) realised with different surface scaffolds, and1797

(iii) correctly handled by the base model.1798

Circuit consistency evaluation. For each role1799

r ∈ {LOCATION, INSTRUMENT}, we recompute1800

EAP-IG scores on the paraphrase set and compare1801

them with the original role-cross circuit C(r) using:1802

• Top-K node overlap (K = 20),1803

• Edge-weight rank correlation,1804

• Faithfulness of original circuits on paraphrased1805

prompts.1806

Summary of control results. Table 15 sum-1807

marises the results for INSTRUMENT and LOCA-1808

TION. Across both roles, we observe:1809

Metric n Pearson r p-value Spearman ρ

Circuit Size (Nodes) 8 -0.066 0.876 0.049
Attention Heads 8 -0.283 0.497 -0.268
Sparsity (Top-20 Mass) 8 0.296 0.476 0.311
Concentration (Gini) 8 0.326 0.430 0.357
Consolidation Time (tcons) 8 -0.054 0.899 0.062

Table 14: Correlations between role frequency (sample
size) and circuit properties at convergence (Pythia-1B,
step 143K). All correlations show, indicating weak rela-
tionships between role frequency and circuit properties.
Sample sizes range from 491 to 1,212 examples per
role.

Role Faithfulness Top–20 Mass

INSTRUMENT 0.657 (+0.021) 0.925 (+0.009)
LOCATION 0.731 (−0.053) 0.920 (+0.023)

Table 15: Paraphrase-control evaluation for two roles in
PYTHIA–1B. Scores reported for paraphrased inputs at
the final training step. Parentheses denote the change
relative to the original (non-paraphrased) dataset.

Circuit Property n Pearson r p-value Spearman ρ

Circuit Size (nodes) 8 0.346 0.401 0.439
Attention Heads 8 0.310 0.455 0.244
Sparsity (Top-20 mass) 8 0.106 0.803 0.095
Concentration (Gini) 8 0.430 0.288 0.381

Table 16: Corpus frequencies from 5,000 documents
sampled from The Pile and the correlations between
corpus scaffold frequency and circuit properties at con-
vergence (Pythia-1B, step 143K). All correlations show
|r| ≤ 0.430, p ≥ 0.288 (not significant).

1. Stable faithfulness under paraphrase: the1810

original circuits maintain similar causal impact1811

despite scaffold changes (Instrument: +0.02;1812

Location: −0.05).1813

2. Consistent sparsity structure: Top–20 mass 1814

shifts by less than 0.03 for both roles, indicat- 1815

ing that high-importance components remain 1816

largely unchanged. 1817

3. Robust abstraction beyond surface cues: cir- 1818

cuits respond similarly across distinct paraphras- 1819

tic templates, supporting the interpretation that 1820

they encode predicate–argument binding rather 1821

than memorised lexical patterns. 1822

These findings reinforce that the circuits iden- 1823

tified by our study capture the semantic structure 1824

associated with predicate–argument roles, rather 1825

than superficial or memorised prepositional cues. 1826

F.6 Role Frequency and Circuit Properties 1827

F.6.1 Sample Size and Circuit Properties 1828

To test whether circuit architecture is determined 1829

by the availability of samples in our filtered dataset, 1830

we examined correlations between sample sizes 1831

and circuit properties at convergence (Pythia-1B, 1832

step 143K). If circuit complexity were driven pri- 1833

marily by the volume of valid examples, we would 1834

expect positive correlations between sample sizes 1835

and measures of circuit size or structural complex- 1836

ity. 1837

Correlation Analysis. Table 14 reports Pearson 1838

and Spearman correlations between filtered sample 1839

sizes and five circuit properties: circuit size (nodes), 1840

attention head count, sparsity (Top-20 mass), con- 1841

centration (Gini coefficient), and consolidation tim- 1842

ing (tcons). All correlations show |r| < 0.35 with 1843

all p > 0.4, indicating negligible relationships be- 1844

tween sample size and circuit architecture. The 1845

strongest correlation (Gini: r = 0.326, p = 0.430) 1846

remains statistically 1847

Role-Type Stratification. In contrast to the ab- 1848

sence of sample-size effects, circuit architecture 1849

stratifies clearly by role type (Table 13). Roles 1850

requiring complex disambiguation (Type 4: BENE- 1851

FICIARY, TIME) develop the largest circuits (22 1852

nodes, 6–7 attention heads) independent of their 1853

sample sizes (621 vs. 753 examples). Conversely, 1854

lexical pattern matching (Type 1: PATH) converges 1855

to a minimal architecture (18 nodes, 2 heads) de- 1856

spite moderate sample availability (707 examples). 1857

Multi-stage compositional roles (Type 2) and bal- 1858

anced hybrid architectures (Type 3) occupy inter- 1859

mediate positions, with circuit complexity deter- 1860

mined by semantic processing demands rather than 1861

example count. 1862

29



Method Faithful Path-spec. Granularity Scalable Notes / Risks

Linear probing ◦ × token/residual ✓ Correlational, not causal
Attribution Patching (EAP) (Nanda, 2023; Syed et al., 2024) ◦ ✓ head/MLP edge ✓ Gradient-based; false negatives
AtP∗ (Kramár et al., 2024) ✓ ✓ head/MLP edge ✓✓ improved faithfulness; residual false negatives
Temporal EAP-IG* ✓ ✓ head/MLP edge ✓✓ Baseline/path sensitivity
Path patching (Goldowsky-Dill et al., 2023b) ✓ ✓✓ head/MLP path ◦ Expensive over checkpoints
Causal scrubbing (Chan et al., 2022) ✓✓ ✓✓ hypothesis-level × High implementation cost
SAE (Templeton et al., 2024) ✓ ✓ feature-level ◦ SAE training; feature drift
Transcoders (Dunefsky et al., 2024) ✓ ✓ MLP sublayer ◦ Surrogate training; not causal
Circuit tracing / attribution graphs (Ameisen et al., 2025) ◦ ✓✓ feature–feature × Surrogate fidelity; prompt-specific

Table 17: Comparison of interpretability methods along criteria induced by RQ1/RQ2. ✓✓=strong; ✓=good;
◦=partial; ×=weak.

The consistent absence of correlations between1863

sample sizes and all circuit properties demonstrates1864

that architectural complexity is not determined by1865

the number of valid examples in our filtered dataset.1866

F.6.2 Scaffold Frequency in Training Corpus1867

To validate that the selected semantic roles are well-1868

represented in the training data and to test whether1869

circuit architecture can be explained by training1870

signal strength alone, we analysed scaffold frequen-1871

cies in the Pythia training corpus (The Pile (Gao1872

et al., 2020)). We sampled 5000 documents (∼50M1873

tokens) using stratified sampling (every 4,200th1874

document) to ensure representative coverage across1875

Pile subsets, and counted occurrences of the prepo-1876

sitional scaffolds used in our role-conditioned con-1877

tinuation task. We then correlated these corpus1878

frequencies with circuit properties at convergence1879

to test whether training frequency determines archi-1880

tectural complexity.1881

Corpus Frequencies. All roles are well-1882

represented in the training data, ranging from1883

517.9 (TOPIC) to 5,498.9 (LOCATION) instances1884

per million tokens. Locative and temporal roles1885

exhibit the highest frequencies (LOCATION:1886

5,498.9/1M; TIME: 5,452.3/1M), reflecting the1887

prevalence of spatial and temporal modification in1888

natural language. Directional roles show interme-1889

diate frequencies (GOAL: 4,147.6/1M; SOURCE:1890

1,057.2/1M; PATH: 598.2/1M), while participant1891

and propositional roles appear less frequently1892

but remain well represented (INSTRUMENT:1893

1,990.5/1M; BENEFICIARY: 1,523.3/1M; TOPIC:1894

517.9/1M).1895

Correlation with Circuit Architecture. Ta-1896

ble 16 reports Pearson and Spearman correlations1897

between corpus scaffold frequencies and circuit1898

properties at convergence (step 143K). All correla-1899

tions are weak to moderate (|r| ≤ 0.430) and statis-1900

tically non-significant (p > 0.28), indicating that1901

training frequency does not reliably predict circuit 1902

architecture. The strongest correlation (Gini coeffi- 1903

cient: r = 0.430, p = 0.288) explains only 18% of 1904

variance and is not statistically significant. Circuit 1905

size and attention head count show weak positive 1906

trends (r = 0.346 and r = 0.310 respectively), 1907

while sparsity (Top-20 mass) shows virtually no 1908

relationship (r = 0.106, p = 0.803). We note that 1909

one of these relationships approaches statistical 1910

significance at α = 0.05 level. 1911

The absence of systematic frequency effects is 1912

most clearly demonstrated by roles with nearly 1913

identical corpus frequencies but divergent archi- 1914

tectures. LOCATION and TIME appear at virtually 1915

the same frequency in the training data (5,498.9 vs. 1916

5,452.3 per million tokens, a difference of 0.8%), 1917

but develop different circuit structures. LOCATION 1918

converges to a balanced hybrid architecture (20 1919

nodes, 4 attention heads) with distributed integra- 1920

tion across layers (a1.h0, a12.h2, a13.h4, a14.h5), 1921

while TIME develops a more complex multi-stage 1922

architecture (22 nodes, 7 attention heads) with 1923

rich attention involvement distributed across early 1924

(a3.h7), mid-layer (a6.h0, a9.h2, a10.h1), and late 1925

integration stages (a12.h2, a14.h5, a15). This archi- 1926

tectural difference, despite a near-identical training 1927

signal, demonstrates that circuit organisation can- 1928

not be predicted from corpus frequency alone. The 1929

results indicate that instead of building circuits pro- 1930

portional to how often each role appears in training, 1931

models develop architectures tailored to the seman- 1932

tic processing demands of each role. This suggests 1933

that circuit organisation reflects functional require- 1934

ments, the computational work needed to bind each 1935

semantic role, rather than statistical regularities in 1936

the training corpus. 1937

G Method Comparison 1938

We provide a summary comparing mechanistic in- 1939

terpretability methods, along with our choice in 1940

Table 17. 1941
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