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Abstract001

Human beings primarily understand the world002
through concepts (e.g., dog), abstract mental003
representations that structure perception,004
reasoning, and learning. However, how large005
language models (LLMs) acquire, retain,006
and forget such concepts during continual007
pretraining remains poorly understood. In this008
work, we study how individual concepts are009
acquired and forgotten, as well as how multiple010
concepts interact through interference and011
synergy. We link these behavioral dynamics012
to LLMs’ internal Concept Circuits, com-013
putational subgraphs associated with specific014
concepts, and incorporate Graph Metrics to015
characterize circuit structure. Our analysis016
reveals: (1) LLMs concept circuits provide017
a non-trivial, statistically significant signal of018
concept learning and forgetting; (2) Concept019
circuits exhibit a stage-wise temporal pattern020
during continual pretraining, with an early021
increase followed by gradual decrease and022
stabilization; (3) concepts with larger learning023
gains tend to exhibit greater forgetting under024
subsequent training; (4) semantically similar025
concepts induce stronger interference than026
weakly related ones; (5) conceptual knowledge027
differs in their transferability, with some028
significantly facilitating the learning of others.029
Together, our findings offer a circuit-level030
view of concept learning dynamics and inform031
the design of more interpretable and robust032
concept-aware training strategies for LLMs.033

1 Introduction034

Humans organize perception and reasoning around035

concepts—abstract mental categories (e.g., dog)036

that enable generalization from individual obser-037

vations to shared properties, relations, and ac-038

tions (Harpaintner et al., 2018). Today’s large039

language models (LLMs) are the most capable040

foundation models, and a central goal of their pre-041

training is to abstract conceptual knowledge and en-042

code it as internal concept-level representations in043

model parameters that support downstream reason- 044

ing and generation. As new concepts continually 045

emerge and models are updated through contin- 046

ual pre-training, it becomes essential to understand 047

how reliably new concepts are acquired and prior 048

concepts are retained, and how to make concept 049

learning more efficient in the presence of interac- 050

tions among the many concepts and types of con- 051

ceptual knowledge. 052

Prior studies have examined concept learning 053

in LLMs from two angles. One line of work uses 054

prompt-based knowledge probing to test whether 055

specific conceptual properties or relations (e.g., 056

commonsense facts) can be elicited from a pre- 057

trained model (Gu et al., 2023b; Liao et al., 2023; 058

Shani et al., 2023a; Zheng et al., 2024; Peng et al., 059

2022; Xu et al., 2024a), while another leverages 060

mechanistic interpretability tools to localize in- 061

ternal structures associated with conceptual infor- 062

mation (Aljaafari et al., 2024; Wang et al., 2024b). 063

However, these efforts provide only a partial view 064

of concept learning: they typically probe isolated 065

pieces of conceptual knowledge that models may al- 066

ready possess, rather than systematically character- 067

izing how concepts are acquired, consolidated, and 068

forgotten over the course of continual pre-training. 069

In this work, we take a step toward filling this 070

gap by asking two more research questions: (1) 071

how internal concept representations correlate with 072

concept acquisition and forgetting, and (2) how 073

they relate to interference and synergy among mul- 074

tiple concepts and types of knowledge during joint 075

training. Answering these questions matters not 076

only for interpretability, but also for practice: it 077

can inform concept-aware continual pre-training 078

decisions such as how much training is needed for 079

new concepts, how to schedule and reorder training 080

data, and how to reduce destructive interference 081

among semantically related concepts. 082

To enable a controlled study, we introduce the 083

FICO dataset, built from ConceptNet-derived con- 084
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Figure 1: (A) Construct the FICO dataset based on ConceptNet. (B) Extract Concept Circuits, LLM computational
subgraph associated with individual concepts, and characterize their structure using graph metrics. (C) Analyze
concept learning and forgetting dynamics in two-stage continual pretraining. (D) Study synergy and interference
across concepts (e.g., A, B, Y ) and knowledge type (e.g., T1 and T2).

ceptual relations but mapped to synthetic, non-085

existent concept names, preserving realistic knowl-086

edge structure while making the concepts novel087

to the model. We then conduct controlled contin-088

ual pre-training experiments and link behavioral089

changes to internal mechanisms by extracting Con-090

cept Circuits, which are computational subgraphs091

associated with each concept, using circuit identifi-092

cation methods and characterizing their structure093

over time with graph metrics. This joint analysis094

allows us to trace how concept-level behavior (e.g.,095

learning and forgetting measures) co-evolves with096

circuit topology, and how cross-concept relatedness097

and knowledge-type ordering shape interference098

and transfer, as shown in Figure 1.099

Our results reveal several meaningful and sys-100

tematic patterns in concept learning dynamics in101

LLMs: (1) circuit-level graph metrics provide a102

modest yet consistent signal of both concept learn-103

ing and forgetting, highlighting a structural trade-104

off: denser and more robust concept circuits tend to105

support stronger acquisition, while more modular106

circuit organization helps mitigate forgetting under107

continual training. This trade-off is reflected behav-108

iorally: concepts with larger learning gains exhibit109

greater forgetting during subsequent training, in-110

dicating an inherent tension between the strength111

of acquisition and long-term stability. (2) We ob-112

serve that during continued training on new do-113

mains, concept circuits corresponding to previously114

learned concepts follow a stable stage-wise tempo-115

ral trajectory across multiple graph metrics, with116

an early increase followed by gradual decrease and117

stabilization, suggesting distinct phases of concept118

consolidation. (3) At the level of multi-concept 119

learning, semantically similar concepts interfere 120

more strongly than weakly related concepts, and 121

different types of conceptual knowledge differ sub- 122

stantially in their transferability; e.g., pretraining 123

on Hyponym & Hypernym knowledge improves 124

subsequent learning performance on Synonym & 125

Antonym knowledge by 63.74%. Together, these 126

findings offer a circuit-level view of concept learn- 127

ing dynamics and suggest how concept-aware cur- 128

ricula and scheduling could make continual pre- 129

training more stable and efficient. Our contribu- 130

tions are summarized as follows: 131

• We present the first systematic study of con- 132

cept acquisition and forgetting in LLMs dur- 133

ing continual pretraining, revealing consistent 134

correlations between concept circuits, learn- 135

ing dynamics, and forgetting behavior, sug- 136

gesting these signals as indicators of future 137

learning and forgetting. 138

• We present a relational perspective on knowl- 139

edge learning in LLMs, revealing interfer- 140

ence and synergy patterns across concepts and 141

knowledge types during joint training, moti- 142

vating interference-aware data scheduling. 143

• Our analysis reveals that concept circuits fol- 144

low a stage-wise trajectory across graph met- 145

rics during continued training, indicating dis- 146

tinct phases of concept consolidation. 147

2 Dataset Construction 148

149
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We follow previous studies (Wang et al., 2024c)150

and define a concept (e.g., dog) as an abstraction151

over the world that captures the shared features152

and essential characteristics of a class of entities.153

Conceptual knowledge (e.g., a dog has four legs)154

refers to factual or relational information associ-155

ated with a concept, reflecting familiarity with and156

understanding of its properties and relations (Wang157

et al., 2024a). Each concept is therefore linked158

to a set of conceptual knowledge that collectively159

describe its semantic content. To study concept160

learning across different levels of concreteness, we161

consider both concrete concepts that are grounded162

in direct sensory experience (e.g., dog), and ab-163

stract concepts which are not directly percepti-164

ble (e.g., love). We sample 500 concrete concepts165

from the THINGS dataset (Hebart et al., 2023)166

and 500 abstract concepts from the Concreteness167

Ratings dataset (Brysbaert et al., 2014). For each168

concept, we retrieve associated conceptual knowl-169

edge from ConceptNet (Speer et al., 2017), a large-170

scale knowledge graph of millions of concepts and171

34 typed relations. To improve interpretability,172

we consolidate these relations into five high-level173

knowledge types, as shown in Appendix A.174

To mitigate influence of pre-existing knowledge175

encoded in LLMs, we replace each real concept176

name with one fictional name generated by GPT-177

5 (Hurst et al., 2024), while preserve associated178

conceptual knowledge, as shown in Figure 1(A),179

to form our FICO, FIctional COncept dataset, as180

detailed in Section B in Appendix. Following prior181

work (Zucchet et al., 2025b), we use GPT-5 to182

produce natural-language templates for each rela-183

tion type (e.g., “{concept} has the ability to” for184

CapableOf ), converting knowledge triples (e.g.,185

(dog,CapableOf, run)) into prefix–target training186

examples. For evaluation, we sample 500 concepts187

and use a disjoint template pool to construct test188

instances with novel surface forms, enabling assess-189

ment of whether LLMs learns underlying relations190

rather than memorizing templates.191

3 How Internal Concept Representations192

Correlate with LLM Learning and193

Forgetting Dynamics?194

3.1 Concept Circuit as Internal Concept195

Representation196

Prior work (Yao et al., 2025) models a pretrained197

LLM as a directed acyclic graph (DAG), where198

nodes correspond to computational components in199

the forward pass (e.g., neurons, attention heads, 200

embeddings), and edges capture their interactions 201

(e.g., residual connections, attention operations, 202

and linear projections). Given a knowledge triple 203

kij = (ci, rij , oij), where ci is a subject concept 204

(e.g., dog), rij is a relation type (e.g., HasProp- 205

erty), and oij is an object which can be another 206

concept or a descriptive phrase (e.g., fleas or four 207

legs), a Knowledge Circuit is defined as the min- 208

imal computational subgraph that can faithfully 209

predict the target object oij conditioned on a tex- 210

tual prefix converted from the subject–relation pair 211

(ci, rij) (Yao et al., 2025). We adapt this notion 212

to concept-level analysis and define a Concept 213

Circuit for concept ci as the computational sub- 214

graph that can faithfully predict all conceptual 215

knowledge {ki0, ki1, ..., kij , ...} associated with ci, 216

thereby serving as an internal representation of the 217

concept within the model’s parametric memory. 218

To extract concept circuits at different check- 219

points during continual training, we use EAP- 220

IG (Hanna et al., 2024) as our circuit identification 221

method. EAP-IG assigns an importance score to 222

each edge while balancing computational efficiency 223

with attribution faithfulness1. Given the edge im- 224

portance scores, we construct a circuit by selecting 225

the top-scoring edges such that the resulting sub- 226

graph preserves at least 70% of the full model’s 227

performance on the corresponding concept. 228

Graph Metrics for Concept Circuits To charac- 229

terize the structure of concept circuits and their rela- 230

tionship to concept learning dynamics in LLMs, we 231

compute four families of standard graph-theoretic 232

metrics: (1) Node Importance, measured as the 233

standard deviation of eigenvector centrality (New- 234

man, 2010), which quantifies how unevenly struc- 235

tural influence is distributed across nodes. Higher 236

variance indicates a more concentrated hub struc- 237

ture, which may facilitate concept acquisition but 238

increase vulnerability to interference or forgetting. 239

(2) Redundancy, measured by density (Newman, 240

2010), defined as the ratio of existing edges to 241

the maximum possible number of edges. Higher 242

density reflects more redundant connections. (3) 243

Information Flow Efficiency, measured by global 244

efficiency (Latora and Marchiori, 2001), i.e., the av- 245

erage inverse shortest-path distance between node 246

pairs. Higher global efficiency indicates that sig- 247

nals can propagate more efficiently across the cir- 248

1More details for the implementation of EAP-IG can be
found in Hanna et al. (2024).
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cuit. (4) Robustness, measured by the average249

k-core number (Seidman, 1983), which captures250

the depth of a circuit’s densely connected core and251

is used as a proxy for resilience to disruption.252

3.2 Experiment Design253

To quantify how internal concept representations254

(i.e., concept circuits) relate to concept acquisition255

and forgetting, we formalize learning and forget-256

ting at the knowledge-triple and concept level.257

Definition 1 (Knowledge Learning/Forgetting De-258

gree). For a conceptual knowledge triple k =259

(c, r, o), where c is the subject concept, r is the260

relation, and o is the target object, the knowledge261

learning degree is defined as the increase in the262

logit2 assigned to o after training relative to before263

training, given a textual prefix constructed from264

(c, r), while the knowledge forgetting degree is265

defined as the decrease in the logit assigned to o266

after continued training.267

Definition 2 (Concept Learning/Forgetting De-268

gree). For a concept c with associated concep-269

tual knowledge {k0, k1, . . . }, the concept learn-270

ing (forgetting) degree is defined as the average271

knowledge learning (forgetting) degree across its272

knowledge triples: 1
|{ki}|

∑
i ϕ(ki), where ϕ(ki) de-273

notes the learning (forgetting) degree of triple ki.274

Experiment Setup. Given a pre-trained LLM275

π0, we conduct a two-stage continual pre-training:276

(1) Stage 1 (Concept Acquisition): The model277

is continually trained on the training set of FICO278

to learn novel concepts, yielding a new model π1.279

This stage is designed to support the analysis of280

concept learning dynamics based on π0 and π1;281

(2) Stage 2 (Forgetting Induction): Based on π1282

from Stage 1, we further train the model on the283

BIO dataset (Allen-Zhu and Li, 2023), an standard284

pretraining dataset used in previous LLMs knowl-285

edge acquisition studies (Allen-Zhu and Li, 2023;286

Zucchet et al., 2025a) , yielding a new model π2.287

We then analyze concept forgetting dynamics using288

π1 and π2. We experiment with two open-source289

LLMs: GPT-2 Large 3 (Radford et al., 2019) and290

LLaMA-3.2-1B-Instruct 4 5 (Dubey et al., 2024).291

For both training stages, we concatenate the prefix292

2Following prior work (Hanna et al., 2024), we measure
logits, a fine-grained indicator of LLM learning, and show
results for log probability in Appendix C

3openai-community/gpt2-large
4meta-llama/Llama-3.2-1B-Instruct
5We observe similar trends across both LLMs. Due to

space constraints, we present results for GPT-2 in the main
paper and defer the LLaMA results to Section D in Appendix

and target phrase, as described in Section 2 and 293

optimize the model using the next-token predic- 294

tion. For evaluation, we only provide the prefix 295

and ask the model to generate an appropriate target 296

phrase on the FICO test set. We use Spearman’s 297

correlation coefficient (Spearman, 1961) to ana- 298

lyze the correlation between concept learning and 299

forgetting dynamics and concept circuit topology. 300

3.3 Experiment Finding 301

Finding 1. Concepts exhibit substantial hetero-
geneity in learning degree and forgetting degree,
indicating that LLMs acquire and forget differ-
ent concepts to markedly different extents under
the same training regime.

302

Concept Learning/Forgetting Degree Distribu- 303

tion. Figure 2 illustrates the distribution of con- 304

cept learning degrees (logit increase) and forgetting 305

degree (logit decrease) across 500 concepts on the 306

FICO test set. The distribution is unimodal but 307

widely spread, indicating pronounced variability 308

in how effectively different concepts are learned 309

or forgotten. Practically, this variability implies 310

that some concepts are learned more readily and 311

robustly, whereas others require greater training 312

effort to achieve comparable learning and to mit- 313

igate forgetting. This observation motivates our 314

subsequent analysis, which seeks to identify indi- 315

cators that can account for the differing learning 316

and forgetting behaviors across concepts. 317

Figure 2: Distribution of learning and forgetting degree
across concepts.

Finding 2. Concept learning degree and for-
getting degree shows non-trivial, statistically
significant correlationsa with multiple circuit
graph metrics, suggesting that circuit structure
can serve as an informative indicator of concept
learning and forgetting dynamics.

aThe observed Spearman correlations are statistically
significant (Conover, 1999) (p < 0.001).

318

Correlation between Concept Learning/Forget- 319

ting and Concept Circuits. Figures 3(a) and 3(b) 320
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(a) Correlation between learning degree and LLM circuit pat-
tern.

(b) Correlation between forgetting degree and LLM circuit
pattern.

Figure 3: Correlation between learning dynamics and
LLM circuit pattern.

examine how learning and forgetting degrees relate321

to the structural properties of concept circuits, as322

characterized by four graph metrics. We observe323

non-trivial and consistent Spearman correlations,324

indicating that circuit topology is systematically325

associated with how concepts are acquired and re-326

tained. For concept learning, positive correlations327

with metrics capturing node importance and robust-328

ness, such as eigenvector centrality and k-core, sug-329

gest that circuits with centralized bottlenecks and330

stable structural cores tend to achieve stronger logit331

gains. Similarly, positive correlations with circuit332

density and global efficiency indicate that struc-333

tural redundancy and integrated information flow,334

characterized by multiple pathways and shorter dis-335

tances between components, can reinforce learning336

signals and facilitate concept acquisition.337

Notably, these same structural properties also338

contribute to vulnerability during continual train-339

ing. Forgetting degree is positively correlated with340

node importance, indicating that circuits dominated 341

by a small set of influential hub nodes are more 342

vulnerable to forgetting when these components 343

are perturbed by subsequent training. Surprisingly, 344

higher circuit density, larger k-core depth, and 345

greater global efficiency, properties that benefit 346

learning, are likewise associated with increased 347

forgetting. One possible explanation is that highly 348

redundant and tightly interconnected circuits en- 349

tangle concept representations more strongly with 350

other knowledge, amplifying interference during 351

continued training. Together, these results reveal a 352

structural trade-off: while centralized, dense, and 353

robust circuit organizations favor rapid and effec- 354

tive learning, more modular circuit structures may 355

be better suited for mitigating forgetting under con- 356

tinual training. More broadly, these findings sug- 357

gest that circuit-level graph metrics can serve as 358

informative indicators of concept learning dynam- 359

ics in LLMs, offering insights for concept-aware 360

continual pretraining decisions such as allocating 361

training effort for newly introduced concepts and 362

previously learned concepts. 363

Finding 3. During continued training on unre-
lated data, LLMs exhibit a consistent stage-wise
temporal pattern across multiple circuit graph
metrics, characterized by an early-phase change
followed by gradual relaxation and stabilization.

364

Figure 4: Graph Metric over training steps

Figure 4 shows the evolution of circuit graph 365

metrics during the forgetting stage. LLMs exhibit 366

a consistent stage-wise temporal pattern across 367
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most graph metrics: an initial increase followed368

by a gradual decrease and eventual stabilization.369

This behavior is observed across all structural as-370

pects of concept circuits, suggesting that forgetting371

is accompanied by systematic circuit reorganiza-372

tion rather than monotonic structural decay. The373

early increase may indicates transient entanglement374

of previously learned concept circuits with newly375

introduced knowledge during continued training,376

while the subsequent decrease and stabilization377

reflect structural relaxation and convergence to a378

weaker representation under interference.379

Finding 4. Concepts with larger learning de-
gree tend to exhibit larger forgetting degree dur-
ing subsequent training, indicating that knowl-
edge acquired more aggressively is often less
stable and more susceptible to interference.

380

Correlation between Concept Learning and For-381

getting. Figure 5 illustrates a positive associa-382

tion between learning degree and forgetting degree383

under continual training. That is, concepts that384

achieve larger gains during acquisition also tend385

to degrade more when the model is later trained386

on new data. Combined with the circuit analyses387

above, these results suggest a structural trade-off.388

During learning, concepts with larger gains are of-389

ten supported by circuits that are more integrated390

and strongly connected, which can enable coordi-391

nated updates across concept-related components.392

However, the same integration may increase over-393

lap with subsequently trained knowledge. When394

influence is concentrated in a small number of395

hubs (high eigenvector-centrality variance), per-396

turbations to these hubs can induce circuit-wide397

changes, making such concepts more fragile un-398

der continued training. Overall, the learn–forget399

correlation suggests that stronger acquisition does400

not necessarily imply better consolidation, and that401

concept representations that are easy to strengthen402

may also be easier to disrupt. This observation403

naturally raises the question of whether such vul-404

nerability arises in isolation or is also shaped by405

interactions among concurrently learned concepts.406
4 How Do Interference and Synergy Arise407

Across Concepts and Conceptual408

Knowledge During Joint Training?409

4.1 Interference and Synergy across Concepts410

4.1.1 Experiment Design411

To examine how concepts influence each other dur-412

ing joint training, we first construct relatedness-413

Figure 5: Spearman Correlations between learning and
forgetting of concepts

based groups for each target concept. We define 414

the relatedness between two concepts as the cosine 415

similarity between their token-level embedding 416

representations. We obtain token embeddings for 417

all concepts using Qwen3-Embedding-4B (Yang 418

et al., 2025) and compute pairwise cosine similari- 419

ties. For each concept c, we select the top-K most 420

similar concepts as the highly related group, the 421

bottom-K as the weakly related group, and the 422

middle-K as the moderately related group. We 423

set K = 100 in our experiments.We then design 424

three joint-training configurations for each concept 425

c, where c is trained together with (1) highly re- 426

lated concepts, (2) moderately related concepts, or 427

(3) weakly related concepts, and is evaluated us- 428

ing two metrics: (1) the average logit assigned to 429

the target objects for knowledge triplets associated 430

with concept c, and (2) the corresponding average 431

probability. This procedure is repeated for all con- 432

cepts in test set of FICO to obtain a comprehensive 433

characterization of cross-concept interactions. 434

Figure 6: Concept interference under joint training.

4.1.2 Experiment Finding 435

Finding 5. Training with highly related con-
cepts yields lower performance than train-
ing with weakly related concepts, indicating
stronger interference among semantically simi-
lar concepts during joint learning.

436
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Figure 6 shows a clear and consistent depen-437

dence on semantic relatedness. Across both evalua-438

tion metrics (average logit and average probability),439

training with weakly related concepts achieves the440

highest performance (75.9%), substantially outper-441

forming training the highly related ( 57.5%) and442

moderately related (67.2%) concepts. These results443

demonstrate that cross-concept interactions mean-444

ingfully affect how effectively a target concept can445

be acquired in a multi-concept setting.446

Figure 7: Jaccard similarity across concept circuits

To understand the underlying mechanism driv-447

ing this effect, we analyze the degree of overlap448

between the internal representations of co-trained449

concepts. For each target concept c, we pair it450

with each of its related concepts drawn from three451

semantic similarity groups: highly related, mod-452

erately related, and weakly related. For each pair453

(c, c′), we obtain their concept circuits and com-454

pute the Jaccard similarity between their edge sets.455

Figure 7 visualizes the resulting similarity distribu-456

tions using KDE plots. The highly related setting457

exhibits a sharper, higher-density peak at moder-458

ate circuit similarity, indicating consistent reuse459

of overlapping computational pathways between460

target and auxiliary concepts, which likely induces461

sustained representational competition during joint462

training and results in stronger interference. In-463

stead, the moderately and weakly related settings464

show lower and more dispersed similarity distribu-465

tions, reflecting reduced circuit overlap and corre-466

spondingly weaker interference. This observation467

motivates interference-aware data scheduling that468

reduces circuit similarity among co-trained con-469

cepts within the same batch.470

4.2 Interference and Synergy across471

Knowledge472

4.2.1 Experiment Design473

Beyond concepts, we ask whether different types of474

conceptual knowledge can also exhibit interference475

or synergy, even when they describe the same con- 476

cept. To enable this analysis, we focus on five high- 477

level semantic knowledge categories: (1) Hyponym 478

& Hypernym (HAH), (2) Synonym & Antonym 479

(SAA), (3) Meronym & Holonym (MAH), (4) Prop- 480

erty & Affordance (PAA), and (5) Spatial Relation 481

(SR), as shown in Section A in Appendix. To study 482

synergy across knowledge types, we adopt a pair- 483

wise continual-training setup. In Stage 1, the model 484

is pretrained either on knowledge category Ri or on 485

BIO dataset (Allen-Zhu and Li, 2023), which does 486

not contain conceptual knowledge, for the same 487

training steps. In Stage 2, the model is continually 488

trained on knowledge category Rj . Across the five 489

knowledge categories, this results in 5 × 4 = 20 490

ordered curricula, along with the BIO-based con- 491

trol baseline. We train LLMs on each curriculum 492

and evaluate its performance for target knowledge 493

category Rj , to quantify which type transitions pro- 494

duce synergy or interference. We define paired 495

transferability from Ri to Rj as 496

T (Ri → Rj) =
logit(Rj | Ri)− logit(Rj | BIO)

|logit(Rj | BIO)| . (1) 497

Positive T (Ri → Rj) indicates synergy, where 498

learning Ri facilitates subsequent learning of Rj , 499

while negative values indicate interference. 500

4.2.2 Experiment Finding 501

Figure 8: Paired transferability across knowledge

Finding 6. Substantial and asymmetric transfer
effects emerge across knowledge types, where
pretraining on one type can facilitate learning
of another, with highly directional and uneven
benefits across ordered pairs.

502

7



Figure 8 provides a fine-grained view of pair-503

wise synergy among the different knowledge types,504

where each cell shows the paired transferability505

T (Ri → Rj) when a source Ri type is trained506

earlier before a target Rj knowledge type. While507

all five categories encode concept-related informa-508

tion, they capture distinct semantic facets, leading509

to non-redundant and uneven transfer behaviors.510

The heatmap reveals heterogeneous and directional511

effects: for example, pretraining on Property &512

Affordance (PAA) yields substantial gains when513

transferring to Hyponym & Hypernym (HAH) and514

Synonym & Antonym (SAA), suggesting that learn-515

ing functional and attribute-level regularities can516

effectively scaffold the acquisition of more abstract517

relational structures. In contrast, the reverse direc-518

tions exhibit markedly weaker transfer, highlight-519

ing the asymmetry of these interactions. Moreover,520

some target types, such as Meronym & Holonym521

(MAH), show relatively small improvements across522

most sources, indicating higher intrinsic learnabil-523

ity and reduced sensitivity to prior knowledge-type524

pretraining. Overall, these findings suggest practi-525

cal guidance for future training curricula, such as526

reordering training data to place knowledge types527

with strong positive transfer earlier, thereby en-528

couraging synergy and improving the efficiency of529

downstream concept learning.530

5 Related Work531

LLM Knowledge Acquisition. A growing body532

of work studies learning mechanism behinds LLM533

knowledge acquisition. One line uses synthetic534

or fictional corpora—e.g., biographies of fabri-535

cated individuals (Allen-Zhu and Li, 2023; Zuc-536

chet et al., 2025a; Ou et al., 2025; Zhu et al., 2025;537

Feng et al., 2024), Wikipedia-style entries for fic-538

tional entities (Chang et al., 2024), or post-cutoff539

data (Huang et al., 2024)—to examine how data540

properties, training choices, and curricula (e.g., or-541

dering dependencies between facts and implica-542

tions) affect learning. Another line (Chang et al.,543

2024; Xu et al., 2024b; Leybzon and Kervadec,544

2024; Im and Li, 2024; Qian et al., 2024; Tigges545

et al., 2024) leverages mechanistic interpretability546

to analyze LLM learning by tracing how internal547

representations evolve across training stages. The548

third line (Ren and Sutherland, 2024; Chen et al.,549

2023; Jain et al., 2023) identify phase transitions550

that reveal discrete, objective-dependent shifts in551

model behavior during training. In contrast, we tar-552

get concept-level knowledge by adapting Concept- 553

Net to construct fictional concepts that preserve 554

the relational structure of real concepts. Moreover, 555

rather than treating injected items as independent 556

facts, we explicitly model the structured relations 557

within each concept and across concepts. 558

LLM Concept Probing and Editing. Prior work 559

studies conceptual knowledge in LLMs mainly 560

through: (i) prompt-based probing of concept 561

properties and relations (Gu et al., 2023a; Liao 562

et al., 2023; Shani et al., 2023b; Zheng et al., 563

2024; Peng et al., 2022); (ii) definition–name 564

alignment tests (e.g., dictionary/reverse-dictionary 565

probes) that assess mapping between descriptions 566

and names (Xu et al., 2024a); and (iii) composi- 567

tional binding and consistency evaluations that 568

test correct attribution of concept knowledge to 569

instances and consistency across hierarchies (He 570

et al., 2023; Sosa et al., 2024; Sahu et al., 2022). 571

Complementing these behavioral probes, mechanis- 572

tic interpretability aims to localize internal compo- 573

nents responsible for concept-related behavior (Al- 574

jaafari et al., 2024; Wang et al., 2024c). Unlike 575

these largely static evaluations, we focus on the 576

dynamics of concept learning: we connect inter- 577

nal concept circuits to acquisition, forgetting, and 578

cross-concept interactions, providing a mechanis- 579

tic, time-resolved complement to existing probing 580

approaches. 581

6 Conclusion 582

In this work, we present a unified analysis of how 583

large language models acquire, retain, and forget 584

concepts during continual pretraining by integrat- 585

ing output behavior with circuit-level interpretabil- 586

ity. We extend the study of knowledge learning be- 587

yond isolated facts to the structured interrelations 588

among knowledge within and across concepts, and 589

how these relations drive interference and synergy. 590

To support this analysis, we introduce the FICO 591

dataset, define Concept Circuits as circuit-level 592

representations of concepts, and apply Graph Met- 593

rics to characterize their structural patterns. Our 594

experimental findings reveal systematic dynamics 595

in concept learning and cross-concept interactions, 596

offering a foundation for developing concept-aware 597

training schedules and moving toward more inter- 598

pretable and reliable continual pretraining proce- 599

dures for LLMs. 600
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Limitations601

Despite conducting extensive analyses of concept602

acquisition, forgetting, and cross-concept interac-603

tions in LLMs, our study has several limitations.604

(1) Limited Model Scale. Due to computational605

constraints, our experiments focus on GPT-2 Large606

(0.7B) and LLaMA-3.2-1B, and we do not eval-607

uate larger-scale models. Extending our analysis608

to larger LLMs remains an important direction for609

future work. (2) Exploration of Actionable Train-610

ing Strategies. Given the analytical scope of this611

work, we focus on characterizing the relationship612

between internal concept circuits and learning dy-613

namics, showing that circuit graph patterns could614

indicate future learning and forgetting behaviors,615

and that circuit similarity may signal potential in-616

terference. While our findings may inform training617

strategies like circuit-aware training effort alloca-618

tion and interference-aware data scheduling, we619

leave the exploration of these motivated training620

strategies for future work.621
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A Knowledge Type Grouping and 826

Filtering 827

Our dataset is constructed from the Con- 828

ceptNet knowledge graph in which each 829

knowledge instance is represented as a triplet 830

⟨subject, relation, object⟩. Since the original 831

graph contains a large number of fine-grained 832

relation types, we group them into a smaller set 833

of semantically coherent, high-level knowledge 834

categories to facilitate analysis. Each relation 835

is mapped to a category based on its primary 836

semantic function. As shown in Table 1, taxonomic 837

and definitional relations (IsA, DefinedAs, FormOf, 838

InstanceOf ) are grouped into Hyponym and 839

Hypernym. Relations expressing similarity or 840

contrast (Synonym, SimilarTo, Antonym, Distinct- 841

From) are grouped into Synonym and Antonym. 842

Part-whole and compositional relations (PartOf, 843

HasA, MadeOf ) are grouped into Meronym 844

and Holonym. Relations describing properties, 845

affordances, or functional roles (HasProperty, 846

UsedFor, CapableOf, ReceivesAction) are grouped 847

into Property and Affordance. Spatial relations 848

(AtLocation, LocatedNear) are grouped into 849

Spatial Relation. 850

We retain these five concept-centric knowledge 851

types in our experiments, as they capture stable se- 852

mantic properties of real-world concepts. We filter 853

out the Causality Event, Lexical/Etymological, 854

and Other categories, as they primarily encode 855

events, linguistic form, or noisy relations that are 856

not well suited for modeling real-world concepts. 857

B Dataset Statistics 858

As shown in Table 2, following dataset construc- 859

tion, we leverage 1,000 concepts for training and 860

500 concepts for testing. The training set contains 861

3,075 knowledge triples, which are instantiated into 862

92,250 training samples with different templates, 863

comprising approximately 1.04M tokens in total. 864

We train LLMs on our dataset for 10 epochs, lead- 865

ing to total training tokens of 10.4M, similar as pre- 866

vious continual-pretraining work (Ou et al., 2025). 867

The test set consists of 1,586 knowledge triples and 868

corresponding evaluation samples, totaling 13,530 869

tokens. 870

C Results for Log Probability 871

We show results for log probability in Figure 9, 872

Figure 10(a) and Figure 10(b) and Figure 11. 873
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High-level Knowledge Type Relation Types

Hyponym and Hypernym IsA, DefinedAs, FormOf, InstanceOf
Synonym and Antonym Synonym, SimilarTo, Antonym, DistinctFrom
Meronym and Holonym PartOf, HasA, MadeOf
Property and Affordance HasProperty, UsedFor, CapableOf, ReceivesAction
Spatial Relation AtLocation, LocatedNear

Excluded Relation Categories

Causality & Event Causes, MotivatedByGoal, HasPrerequisite, Has-
Subevent, HasFirstSubevent, HasLastSubevent, Cre-
atedBy

Desire Desires, CausesDesire
Lexical / Etymological DerivedFrom, EtymologicallyDerivedFrom, Etymo-

logicallyRelatedTo
Other RelatedTo, HasContext, ExternalURL, SymbolOf

Table 1: Mapping from fine-grained relation types to high-level knowledge categories. We retain five concept-centric
categories for experiments and exclude relation types that primarily encode events, lexical form, or noisy contextual
associations.

Data Train Test

# Concepts 1,000 500
# Knowledges 3,075 1,586
# Samples 92,250 1,586
# Tokens 1,039,784 13,530

Table 2: Dataset statistics of FICO.

Figure 9: Distribution of learning and forgetting degree
across concepts.

D LLaMA Results874

D.1 RQ1 Results875

We show LLaMA results on RQ1 in Figure 12,876

Figure 13, Figure 14, Figure 15, Figure 16, and877

Figure 17.878

D.2 RQ2 Results879

We show LLaMA results on RQ2 in Figure 18 and880

Figure 19.881

E Experiment Details882

We conduct experiments on 4× 40GB A40 GPUs.883

We use learning rate as 5× 10−5 and batch size as884

128.885

F Potential Risks 886

We carefully follow the ACM Code of Ethics 6 and 887

have not found potential societal impacts or risks 888

so far. To the best of our knowledge, this work has 889

no notable harmful effects and uses, environmental 890

impact, fairness considerations, privacy consider- 891

ations, security considerations, or other potential 892

risks. Our dataset does not contain any information 893

that names or uniquely identifies individual people 894

or offensive content. 895

G Use Of AI Assistants 896

We used AI assistants to help with writing and 897

editing the manuscript. The assistants were used 898

to refine wording, improve clarity, and enhance 899

overall presentation. 900

6https://www.aclweb.org/portal/content/
acl-code-ethics
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(a) Correlation between learning degree and LLM circuit pat-
tern.

(b) Correlation between forgetting degree and LLM circuit
pattern.

Figure 10: Correlation between learning dynamics and
LLM circuit pattern.

Figure 11: Spearman Correlations between learning and
forgetting of concepts

Figure 12: Learning degree distribution across concepts.

Figure 13: Correlation between learning degree and
LLM circuit graph scores.

Figure 14: Distribution of forgetting degree across con-
cepts.
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Figure 15: Correlation between forgetting degree and
LLM circuit graph scores.

Figure 16: Graph Metric over training steps

Figure 17: Correlations between learning and forgetting
of concepts

Figure 18: Concept-level interference under joint train-
ing.

Figure 19: Pairwise dependency between knowledge
types
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