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Abstract001

Document-level Event Causality Identifica-002
tion (DECI) aims to infer causal relations be-003
tween events distributed across long documents,004
where causality is often implicit and evidence005
is fragmented. Existing approaches typically006
follow two paradigms: structure-based mod-007
els that emphasize predefined graphs but strug-008
gle to capture implicit semantic relations, and009
generative large language models (LLMs) that010
flexibly propose causal hypotheses yet lack011
reliable global verification. Inspired by the012
cognitive transition from intuition to verifica-013
tion, we propose COgnitive Verification for014
Event Reasoning (COVER), a cognitive neuro-015
symbolic framework that explicitly integrates016
intuitive hypothesis generation with structured017
verification for DECI. COVER treats causal018
reasoning as a closed-loop process. In the in-019
tuition stage, an LLM serves as a variational020
prior to generate causal hypotheses and retrieve021
supportive commonsense knowledge, which is022
filtered via entropy-aware knowledge anchor-023
ing. In the verification stage, these hypothe-024
ses are embedded into a document-level neuro-025
symbolic causal graph and evaluated under026
global structural constraints with uncertainty-027
aware reasoning, enabling unreliable hypothe-028
ses to be refined rather than directly accepted.029
Experiments on CEC 2.0 and MAVEN-ERE030
demonstrate that COVER consistently outper-031
forms strong baselines, with notable gains on032
implicit and long-range causal relations.033

1 Introduction034

Real-world text streams such as news, incident re-035

ports, and clinical narratives often describe chains036

of events whose causal links must be identified037

for downstream reasoning and decision making,038

motivating Event Causality Identification (ECI).039

This capability is vital for diverse applications,040

such as financial risk analysis (Sakaji and Izumi,041

2023) and clinical diagnosis support (Gopalakr-042

ishnan et al., 2024). Recent work has improved043
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Figure 1: Motivation of document-level event causality
reasoning, from intuition to verification.

sentence-level ECI by enriching event semantics 044

and modeling structured interactions between event 045

pairs (Hu et al., 2023; Pu et al., 2023; Li et al., 046

2024). However, practical scenarios are frequently 047

document-level, where causes and effects may be 048

far apart, interact with multiple intermediate events, 049

and depend on global discourse structure, making 050

Document-level ECI (DECI) fundamentally harder 051

than SCEI and still under-explored (Wang et al., 052

2024; Hashimoto, 2019). 053

Existing methods for DECI mainly fall into 054

two lines. One line in Figure 1 (middle), builds 055

document-level structures, such as event graphs 056

and interaction networks, and performs causal in- 057

ference with graph-structured reasoning or iterative 058

representation updates (Phu and Nguyen, 2021; 059

Chen et al., 2025a, 2022; Zhao et al., 2021). These 060

models explicitly propagate information across sen- 061

tences and offer some interpretability, yet their rea- 062

soning is often constrained by predefined structures 063

and local message passing, making implicit causal 064

relations with weak surface cues difficult to cap- 065

ture. Another line in Figure 1 (left), leverages 066

large language models (LLMs) or prompt-driven 067

frameworks for document-level causal reasoning, 068

benefiting from strong semantics to hypothesize 069

long-range causal links (Wei et al., 2022). However, 070
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generative reasoning is frequently open-ended: hy-071

potheses can be produced without explicit verifica-072

tion against document evidence and global consis-073

tency, leading to hallucinated relations and unreli-074

able conclusions(Gao et al., 2023). Overall, prior075

DECI approaches either emphasize structural mod-076

eling at the expense of semantic flexibility, or rely077

on generative intuition without a reliable verifica-078

tion mechanism.079

From a cognitive perspective, as shown in Figure080

1 (right), reliable document-level causal reason-081

ing follows a two-stage process that moves from082

intuitive hypothesis generation to deliberate veri-083

fication (Evans and Stanovich, 2013). When read-084

ing long documents, humans typically form plau-085

sible causal hypotheses based on semantic cues086

and background knowledge, and subsequently as-087

sess whether these hypotheses are supported by088

document-wide evidence and structural consistency089

(Reyna and Brainerd, 2011). This transition is090

particularly critical in DECI, where causal rela-091

tions are often implicit, evidence is dispersed, and092

spurious links can easily arise. At the document093

level, relying solely on intuition or verification be-094

comes insufficient, as neither semantic flexibility095

nor structural rigor alone can ensure reliable rea-096

soning. These observations motivate a cognitive097

paradigm that tightly couples intuitive generation098

with structured verification, enabling hypotheses099

to be explicitly verified and revised under global100

document-level constraints.101

To address the above challenges, we pro-102

pose COgnitive Verification for Event Reasoning103

(COVER), a cognitive neuro-symbolic frame-104

work for DECI that bridges intuitive hypothesis105

generation and structural verification. COVER106

treats causal reasoning as a closed-loop process:107

it first leverages a large language model to gen-108

erate intuitive causal hypotheses and retrieve sup-109

portive background knowledge, and then performs110

structured verification by integrating these hypothe-111

ses into a document-level neuro-symbolic causal112

graph. Verification is guided by global structural113

constraints and uncertainty-aware reasoning, allow-114

ing unreliable hypotheses to be identified and re-115

fined rather than directly accepted. This iterative116

interaction enables COVER to balance semantic117

flexibility with structural consistency, mitigating118

hallucinated causality while preserving coverage of119

implicit relations. Extensive experiments on mul-120

tiple benchmarks demonstrate that COVER con-121

sistently outperforms strong structure-based and122

generative baselines. 123

Our contributions are summarized as follows: 124

• We design an uncertainty-aware verification 125

mechanism that leverages evidential reasoning to 126

assess the reliability of generated causal hypotheses 127

and guide iterative refinement, improving robust- 128

ness against hallucinated causality. 129

• We propose COVER, a cognitive neuro- 130

symbolic framework that couples generative intu- 131

ition with document-level structural verification in 132

a closed loop, enabling hypotheses to be verified 133

and revised under global constraints. 134

• We design an uncertainty-aware verification 135

mechanism that leverages evidential reasoning to 136

assess the reliability of generated causal hypotheses 137

and guide iterative refinement, improving robust- 138

ness against hallucinated causality. 139

• Extensive experiments show that COVER con- 140

sistently outperforms strong structure-based and 141

generative baselines, with notable gains on implicit 142

and long-range causal links. 143

2 Methodology 144

2.1 Overview 145

Inspired by the dual-process theory of human cogni- 146

tion, we model causal reasoning as an interplay be- 147

tween an intuitive generation stage (System 1) and 148

a deliberate verification stage (System 2). COVER 149

models causal reasoning as a closed-loop interac- 150

tion between variational intuition and structured 151

verification. In the intuition stage, a large language 152

model acts as a variational prior to generate latent 153

causal hypotheses and retrieve supportive common- 154

sense knowledge from the document context. In 155

the verification stage, these hypotheses are embed- 156

ded into a document-level neuro-symbolic causal 157

graph that integrates syntactic structure, anchored 158

knowledge, and latent temporal relations, and are 159

evaluated under global constraints via relational 160

graph attention. An evidential cognitive cycle fur- 161

ther quantifies epistemic uncertainty and grounded 162

consistency, producing feedback signals to refine 163

unreliable hypotheses. Through this iterative pro- 164

cess, COVER balances semantic flexibility with 165

structural rigor, enabling reliable inference of im- 166

plicit and long-range causal relations. 167

2.2 Problem Formulation 168

Let D = {w1, w2, ..., wN} denote a document con- 169

sisting of N tokens. The document contains a set of 170

event mentions E = {e1, e2, ..., eM}, where each 171
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Prediction

Figure 2: Overview of the COVER framework.

mention ei corresponds to a specific span of tokens172

in D.173

Given a target ordered pair of events (ei, ej),174

the goal of Document-level Event Causality Iden-175

tification (DECI) is to determine the causal re-176

lation y between them from a predefined label177

set Y . Following standard protocols, we define178

Y = {CAUSE, CAUSED_BY, NONE}. Specifi-179

cally, y = CAUSE indicates that ei is the cause of180

ej , while y = CAUSED_BY indicates the reverse.181

Formally, the task is to estimate the conditional182

probability P (y|D, ei, ej). This is challenging in183

the document-level setting as causal dependencies184

often span across non-adjacent sentences with im-185

plicit evidence, requiring the model to capture186

global structural interactions rather than relying187

on local surface features.188

2.3 Variational Prior Intuition (Phase I)189

To bridge the semantic gap inherent in long-190

distance causal reasoning, we model the infer-191

ence process through a latent variable framework.192

We introduce a Latent Prior Intuition variable193

Z = {Htemp,Kknow}, where:194

• Htemp represents the latent temporal hypothe-195

sis (e.g., event ordering and implicit bridging196

connections) generated to explicitly connect197

distant event pairs.198

• Kknow represents external commonsense199

knowledge paths anchored to document enti-200

ties, providing necessary background context.201

In this phase, we employ LLM to server as a varia-202

tional prior Gϕ to generate the prior intuition dis-203

tribution P (Z | D). This corresponds to the “In- 204

tuitive System” in cognitive theory, offering rapid 205

but potentially noisy semantic proposals. 206

Latent Hypothesis Generation. We leverage the 207

cognitive ability of LLMs to propose a preliminary 208

causal structure. In iteration t, the generator sam- 209

ples a temporal hypothesis H(t)
temp and a set of re- 210

trieval queries K(t)
query conditioned on the document 211

and any feedback from the previous cycle: 212

H
(t)
temp,K

(t)
query ∼ Gϕ

(
· | D, ei, ej , C(t−1)

pack

)
(1) 213

we employ Chain-of-Thought (CoT) prompting to 214

guide the generation. Crucially, C(t−1)
pack denotes the 215

Conflict Packet derived from the Evidential Cogni- 216

tive Cycle (detailed in Sec. 2.5). In the initial pass 217

(t = 0), Cpack is empty. In subsequent iterations, it 218

serves as a negative constraint (e.g., “Avoid the am- 219

biguous link between A and B”), forcing the LLM 220

to re-sample a more plausible hypothesis, thereby 221

correcting reasoning errors dynamically. 222

Entropy-aware Knowledge Anchoring. While 223

LLMs provide fluent hypotheses, they suffer from 224

knowledge sparsity and hallucinations(Cheng et al., 225

2024). To ground the generated hypothesis, we re- 226

trieve external commonsense paths from Concept- 227

Net(Speer et al., 2017) using the generated queries 228

Kquery. To filter out irrelevant or generic noise, 229

we introduce an Entropy-aware Knowledge An- 230

choring mechanism. We calculate the Relation 231

Information Score (RIS) for each retrieved path r: 232

RIS(r) = APMI(h, t) + β · IRF(r) (2) 233
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where APMI(h, t) (Average Pointwise Mutual In-234

formation) measures the semantic binding strength235

between the head and tail concepts, and IRF(r)236

(Inverse Relation Frequency) quantifies the infor-237

mation gain of the relation type (penalizing overly238

generic relations like RelatedTo). Only knowl-239

edge paths satisfying RIS ≥ τRIS are retained240

to form the high-fidelity Knowledge Report Kknow.241

Consequently, the instantiated latent variable Z =242

{Htemp,Kknow} provides a structurally grounded243

explanation for the subsequent neuro-symbolic ver-244

ification.245

2.4 Neuro-Symbolic Structural Verification246

(Phase II)247

This phase maps the unstructured latent variable Z248

into a dense vector space for logical verification.249

Symbolic Graph Construction. We construct a250

Multi-view Evidence Graph G = (V, E). The node251

set V comprises event mentions and entity concepts.252

The edge set E integrates three logical views: (1)253

Syntactic Edges (rsyn) from dependency parsing;254

(2) Knowledge Edges (rknow) from Kknow; and255

(3) Latent Temporal Edges (rlatent) derived from256

Htemp. The latent edges act as “wormholes,” al-257

lowing direct message passing between temporally258

related but distinct events.259

Dual-Stream Initialization. Before reasoning,260

we initialize the node representations via a Dual-261

Stream Encoding strategy. We feed the raw doc-262

ument D into a RoBERTa encoder to obtain the263

sequence embeddings. We then extract the feature264

vectors corresponding to the indices of event men-265

tions and entities to initialize the graph nodes h(0),266

while the [CLS] token serves as the global context267

ES for the subsequent fusion.268

Relational Graph Attention (RGAT). We em-269

ploy an RGAT to propagate structural evidence.270

The node update rule for node i at layer l is:271

h
(l+1)
i = σ

∑
r∈R

∑
j∈N r

i

α
(r)
ij Wrh

(l)
j

 (3)272

Crucially, the attention weight α(rlatent)
ij functions273

as a differentiable gate. If the LLM-generated la-274

tent edge contradicts the local semantic context275

encoded in the graph, the network suppresses this276

weight, effectively denoising the variational prior.277

Finally, we fuse the global textual context ES (from278

the RoBERTa [CLS] token) with the graph repre- 279

sentation hG via Multi-Head Cross-Attention to 280

obtain the task-specific evidence vector vtask. 281

2.5 Evidential Cognitive Cycle (Phase III) 282

To enable the “Reflective System”, we replace stan- 283

dard point-estimation (Softmax) with Evidential 284

Deep Learning (EDL) (Sensoy et al., 2018) to quan- 285

tify epistemic uncertainty and trigger feedback. 286

Evidential Uncertainty Modeling. We model 287

the classification probability as a Dirichlet distri- 288

bution Dir(p|α). The network predicts evidence 289

counts e = Softplus(Wovtask), which parameter- 290

ize the distribution as α = e+ 1. 291

The expected probability for the k-th class is 292

calculated as p̂k = αk/S. Subsequently, the Epis- 293

temic Uncertainty u is derived as: 294

u =
K

S
, where S =

K∑
k=1

αk (4) 295

where K is the number of classes. A high u signi- 296

fies total ignorance or conflicting evidence. 297

Grounded Consistency Score (GCS). To explic- 298

itly penalize hallucinations, we introduce the GCS 299

to measure the factual alignment between the gen- 300

erated hypothesis and the source document. We de- 301

compose Z into atomic claims {an}Nn=1 and align 302

them with evidence snippets {En}Nn=1. The score 303

is calculated as: 304

GCS(Z,D) =
1

N

N∑
n=1

(
Pθ(entail | an, En)

− λ · Pθ(contradict | an, En)
)
(5)

305

where λ > 1 is the Hallucination Penalty Coeffi- 306

cient. This asymmetric penalty ensures the model 307

is risk-averse regarding factual fabrications, heavily 308

penalizing contradictions. 309

Energy-based Feedback Loop. We define a 310

Cognitive Energy Function Ecog to govern the in- 311

ference flow. Mathematically, the Energy Gate acts 312

as a filter for the predicted probability p̂. It eval- 313

uates the reliability of p̂ based on the cognitive 314

energy: 315

E(t)
cog = u(t) + γ · (1−GCS(t)) (6) 316

The inference follows a dynamic gating mecha- 317

nism: 318
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• Pass: If Ecog ≤ τ , the system accepts the319

hypothesis and outputs the final prediction320

ŷ = argmaxk(p̂k).321

• Reject & Refine: If Ecog > τ , a feedback322

loop is triggered. We identify the Conflict323

Packet Cpack (nodes with high uncertainty en-324

tropy) and feed it back to Phase I to re-sample325

Z(t+1), explicitly correcting the reasoning326

path.327

2.6 Optimization Objective328

The framework is trained end-to-end using a hybrid329

objective function:330

L = LEDL + λKLLKL + λalignLalign (7)331

LEDL minimizes the Bayes risk for classification.332

LKL is the KL-divergence regularizer that penal-333

izes overconfidence by forcing the Dirichlet distri-334

bution towards a uniform prior for incorrect predic-335

tions. Lalign enforces semantic alignment between336

the neuro-symbolic graph and the raw text repre-337

sentations.338

3 Experiments339

3.1 Experimental Settings340

Datasets involve Chinese and English:341

CEC 2.0 (Wang et al., 2015) contains 332 Chi-342

nese news reports on emergency events spanning343

five breaking-news types (for example, earthquakes344

and fires).345

MAVEN-ERE (Wang et al., 2022) includes346

3,555 documents with 85912 event mentions,347

97,521 intra-sentence and 1,226,168 inter-sentence348

event pairs. Since the original test set lacks gold349

labels, we split the development set into new dev350

and test sets.351

Evaluation Metrics adopt Precision (P), Recall352

(R), and F1-score (F1). For a fair comparison, we353

report the average results over three random runs.354

Evaluation Protocol To rigorously assess the355

neuro-symbolic logical consistency, we imple-356

ment a Strict Directional Evaluation. Unlike357

settings that solely detect link existence, our358

protocol considers a prediction correct if and359

only if it strictly matches the ground truth label360

y ∈ {CAUSE, CAUSED_BY} for the ordered pair361

(ei, ej). Crucially, a reversed direction (e.g., pre-362

dicting CAUSED_BY instead of CAUSE) is penal-363

ized as a False Positive.364

Implementation Details . We employ RoBERTa- 365

base (Conneau et al., 2019) as the backbone for 366

textual encoding and the Neuro-Symbolic Graph 367

encoder. For the Variational Prior generation and 368

the Cognitive Cycle, we utilize DeepSeek-R1-14B 369

(DeepSeek-AI et al., 2025a) tuned via LoRA (Hu 370

et al., 2021) (rank=32, alpha=64). The model is 371

optimized using AdamW with a learning rate of 372

1e-5 for the encoder and 5e-5 for the LoRA param- 373

eters. The batch size is set to 16. We set the conflict 374

penalty λ = 1.5, the cognitive energy balancing 375

coefficient γ = 1.0, and the maximum cognitive it- 376

erations Imax = 3. All experiments are conducted 377

on 2 NVIDIA RTX 4090 GPUs. 378

3.2 Baselines 379

We compare COVER with three categories: 380

Sentence-level ECI. We first compare with stan- 381

dard pre-trained language models (PLMs), BERT 382

(Devlin, 2018) and RoBERTa (Liu et al., 2019), 383

which serve as fundamental sequence encoders. 384

To capture structural dependencies, we include 385

SemSIn (Hu et al., 2023) and SGT (Zhang et al., 386

2022), which incorporate AMR-based semantic 387

graphs and schema guidance, respectively. Addi- 388

tionally, we consider methods optimized for the 389

CEC dataset: Siamese-Bi-LSTM (Gupta et al., 390

2024), which utilizes siamese networks for se- 391

mantic interaction, and CERMiner (Chen et al., 392

2025b), which enforces consistency constraints for 393

event relation extraction. 394

Document-level ECI. We employ Longformer 395

(Beltagy et al., 2020) to handle long-range contexts. 396

Graph-based approaches are included to model 397

high-order reasoning: RichGCN (Phu and Nguyen, 398

2021) constructs interaction graphs with syntactic 399

and discourse dependencies; ERGO (Chen et al., 400

2022) and PPAT (Liu et al., 2023) utilize rela- 401

tional graph transformers and pairwise attention 402

networks to capture multi-hop causality. Further- 403

more, we compare with recent advanced paradigms: 404

DiffusECI (Man et al., 2024), a diffusion-based 405

generative framework, and iLIF (Liu et al., 2024), 406

an iterative learning framework. 407

Large Language Models. We also assess the 408

zero-shot reasoning capabilities of representative 409

LLMs, including GPT-3.5/4/4o (Achiam et al., 410

2023), DeepSeek-V3/R1 (DeepSeek-AI et al., 411

2025c,b), and LLaMA-2-7B (Touvron et al., 2023), 412

which are prompted with ECI-specific instructions 413

to find causal relations. 414
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3.3 Main Results415

Table 1 and Table 2 present the comparison results416

on MAVEN-ERE and CEC 2.0, respectively.417

On the CEC 2.0 dataset (Table 2), COVER418

achieves a new state-of-the-art F1 score of 85.6%,419

outperforming the strong baseline Siamese-Bi-420

LSTM by 1.8 points. The high precision (89.8%)421

demonstrates that our Cognitive Cycle effectively422

filters out false positives generated by noise.423

On the more challenging MAVEN-ERE dataset424

(Table 1), COVER exhibits a substantial perfor-425

mance margin. It achieves an F1 score of 60.9%,426

surpassing the previous best method LearnDA427

(52.6%) by 8.3%. Notably, zero-shot baselines like428

GPT-3.5-turbo show high recall (80.2%) but very429

low precision (27.6%), indicating severe hallucina-430

tion issues in long documents. In contrast, COVER431

maintains a balanced precision (54.2%) and recall432

(69.5%). This validates that our Neuro-Symbolic433

Graph successfully captures long-distance depen-434

dencies, while the Evidential Cognitive Cycle sig-435

nificantly suppresses hallucinations.Furthermore,436

to investigate the model’s robustness against log-437

ical inversions (i.e., distinguishing ei → ej from438

ej → ei), we conducted a fine-grained Directional439

Error Rate (DER) analysis. As detailed in Ap-440

pendix E, COVER achieves a significantly lower441

DER (3.8%) compared to discriminative baselines442

(> 18%), confirming that the cognitive feedback443

loop effectively corrects directional hallucinations.444

3.4 Ablation Study445

To thoroughly verify the contribution of each com-446

ponent in COVER, we conduct ablation studies on447

both the CEC 2.0 and MAVEN-ERE datasets. As448

shown in Table 3 and Table 4, removing any mod-449

ule leads to performance degradation, validating450

the necessity of our neuro-symbolic architecture.451

Impact of Evidential Cognitive Cycle. Removing452

the evidence-based feedback loop (“w/o Cognitive453

Cycle”) results in a notable drop in performance,454

particularly in Precision on the CEC 2.0 dataset455

(89.8% → 84.5%). This empirical evidence con-456

firms that the iterative correction mechanism acts457

as a crucial gatekeeper, effectively filtering out hal-458

lucinations and false positives generated by the459

generative prior.460

Impact of Neuro-Symbolic Graph. Replacing461

the RGAT and graph construction with a simple462

RoBERTa encoder (“w/o Neuro-Symbolic Graph”)463

leads to the most significant decline in Recall464

Figure 3: Impact of the Relation Information Score
(RIS) Threshold θRIS on performance.

across both datasets (e.g., -4.8% on CEC 2.0 and 465

-9.3% on MAVEN-ERE). This validates that the 466

structured graph representation—specifically the 467

latent temporal edges—is essential for establishing 468

“wormhole” connections to capture long-distance 469

dependencies that pure text encoders fail to recog- 470

nize. 471

Impact of Knowledge Anchoring. Removing the 472

external knowledge retrieval and RIS filter (“w/o 473

Knowledge Anchoring”) consistently degrades F1 474

scores. This highlights the value of structured com- 475

monsense knowledge in bridging the semantic gap 476

for implicit causality samples, where textual cues 477

alone are insufficient. 478

3.5 Parameter Sensitivity Analysis 479

We investigate the sensitivity of COVER to three 480

critical hyperparameters governing the neuro- 481

symbolic reasoning process: the knowledge filter- 482

ing threshold θRIS , the cognitive energy gate τ , 483

and the maximum reasoning steps Imax. 484

Impact of Knowledge Filtering (θRIS). The 485

RIS threshold θRIS controls the density of the re- 486

trieved knowledge graph. As illustrated in Figure 487

3, the F1 score exhibits an inverted U-shaped trend, 488

peaking at θRIS ∈ [0.5, 0.6]. 489

Lower thresholds (θRIS < 0.4) introduce ex- 490

cessive commonsense noise, diluting the causal 491

signal. 492

Higher thresholds (θRIS > 0.7) result in overly 493

sparse graphs, severing potential bridging paths for 494

implicit causality. 495

This empirical evidence confirms the neces- 496

sity of our entropy-aware filtering mechanism to 497

achieve an optimal trade-off between information 498

gain and structural sparsity. 499

3.6 Analysis of Implicit Reasoning 500

A critical challenge in DECI is identifying causal 501

relations that lack overt linguistic markers. To eval- 502
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Model Intra-sentence Inter-sentence

P(%) R(%) F1(%) P(%) R(%) F1(%)

BERT 47.8 57.2 52.1 36.8 29.2 32.6
RoBERTa 45.9 48.8 47.2 42.3 45.1 43.6
Longformer* 71.7 47.5 57.2 56.1 38.6 45.7

RichGCN 49.2 63.0 55.2 39.2 45.7 42.2
ERGO 63.1 65.3 64.2 48.7 62.0 54.6
SemSIn 49.4 51.2 50.5 – – –
DiffusECI 47.5 60.3 51.7 45.5 53.0 48.2
PPAT 37.9 66.7 47.4 32.6 39.3 35.6
iLIF 74.4 51.5 60.9 67.1 49.2 56.8

LLaMA2-7B 12.1 50.7 19.5 – – –
GPT-3.5-turbo 19.9 85.8 32.3 – – –
GPT-4 22.5 92.4 36.2 – – –
GPT-4o-mini – – – 30.8 48.3 34.4
DeepSeek-Chat – – – 37.8 53.2 40.6
DeepSeek-R1 – – – 43.7 59.2 37.8

COVER (Ours) 76.2 68.8 72.3 54.2 69.5 60.9

Table 1: Performance comparison on the MAVEN-ERE dataset.

Method P R F1

CSNN 70.6 54.9 61.7
Bi-LSTM 76.4 71.9 74.0
Bert-LSTM 66.4 63.1 64.1
MCNN 80.6 83.6 82.1
SGT 80.8 73.3 76.5
CERMiner 84.8 72.7 78.2
GPT-3.5-turbo 76.1 68.3 72.0
Siamese-Bi-LSTM 83.0 84.6 83.8

COVER (Ours) 89.8 81.6 85.6

Table 2: Experimental results on CEC 2.0 (%).

Configuration P (%) R (%) F1 (%)

COVER (Full Model) 89.8 81.6 85.6

w/o Evidential Cognitive Cycle 84.5 82.0 83.2
w/o Neuro-Symbolic Graph 87.2 76.8 81.7
w/o Knowledge Anchoring 88.5 79.1 83.5

Table 3: Ablation study results on CEC 2.0. The full
COVER model achieves the best balance.

uate robustness against this “semantic gap,” we503

partition the MAVEN-ERE test set into Explicit504

Causality (containing markers like “because”) and505

Implicit Causality (zero-lexical overlap). Detailed506

partition criteria are provided in Appendix B.507

Quantitative Results. Table 5 compares COVER508

against representative discriminative (RichGCN)509

and generative (GPT-4) baselines. Discriminative510

models suffer a catastrophic drop (-32.8%) on im-511

plicit cases, confirming that syntactic dependencies512

Configuration P (%) R (%) F1 (%)

COVER (Full Model) 54.2 69.5 60.9

w/o Cognitive Cycle 56.1 61.4 58.6
w/o Neuro-Sym. Graph 56.5 60.2 58.3
w/o Know. Anchoring 57.4 61.9 59.5

Table 4: Ablation study results on MAVEN-ERE.

Figure 4: Impact of Event Distance on Performance.

struggle without explicit surface patterns. Notably, 513

COVER outperforms the zero-shot GPT-4 by 4.7% 514

on the implicit subset. This suggests that while 515

LLMs possess vast parametric knowledge, they 516

remain prone to ungrounded hallucinations; our 517

framework mitigates this by anchoring the genera- 518

tive prior with retrieved external knowledge (Sys- 519

tem 1). Furthermore, COVER maintains high preci- 520

sion on explicit cases by leveraging the Evidential 521

Cognitive Cycle (System 2) as a logical filter, effec- 522

tively distinguishing true causality from non-causal 523

temporal noise without sacrificing the recall boost 524

from latent structure induction. 525
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INPUT
(Implicit Causality,No explicit

keywords)

The seismic activity intensified rapidly. Minutes later,the
aging power grid across the province collapsed

RichGCN
(Discriminative)

Seismic Collapse Fails: No syntactic path

found (Syntax Gap)

GPT-4
(Generative)

Earthquakes 
sever cables 

Risky: No syntactic
path found (Syntax Gap)

COVER
(Ours)

Step 1 (Knowledge)

Seismic

Vibration

Damage
Infrastructure

Seismic Collapse

Latent Edge

Low Uncertainty

Step 2(Graph) Step 3 (Check) Success: Bridges

gap via Knowledge

Anchoring &

Structural Verification

Figure 5: Case Study on Implicit Causality. Unlike RichGCN (limited by syntax) and GPT-4 (prone to hallucination),
COVER bridges the semantic gap via knowledge anchoring and verifies the link through structural reasoning.

Model Type Explicit Implicit

RichGCN Disc. 66.7 33.9
GPT-4 (Zero-shot) Gen. 62.7 50.0

COVER (Ours) Neuro-Sym. 69.8 54.7

Table 5: Performance comparison (F1-score, %) on
Explicit vs. Implicit causal subsets.

3.7 Long-Distance Dependencies.526

To assess the model’s capability in handling527

document-level complexity, we categorize event528

pairs by sentence distance (Figure 4).529

While all models suffer performance degradation530

as distance increases, COVER exhibits superior531

robustness in the Long-range category (Dist ≥ 3),532

surpassing the state-of-the-art ERGO by +13.8%.533

This result validates that the Latent Temporal Edges534

in our neuro-symbolic graph effectively function535

as semantic “wormholes,” shortening the reasoning536

path and mitigating the information loss inherent537

in long-distance dependency parsing.538

4 Case Study539

To demonstrate COVER’s interpretability, we ex-540

amine a challenging implicit causality case shown541

in Figure 5: “The seismic activity intensified... Min-542

utes later, the power grid collapsed.”543

Existing paradigms struggle with such disjointed544

contexts. The discriminative baseline (RichGCN)545

fails to identify the link (Predicts: NONE) due to the546

syntactic gap—the absence of explicit connectives547

prevents dependency parsers from bridging the sen-548

tence boundary. Conversely, while GPT-4 correctly549

predicts CAUSE, it suffers from ungrounded infer- 550

ence, justifying the decision with hallucinated de- 551

tails (e.g., “earthquakes sever cables”) not present 552

in the source text. 553

In contrast, COVER successfully identifies the 554

relation by harmonizing intuition and logic. Sys- 555

tem 1 bridges the semantic gap by retrieving the 556

ConceptNet path (Seismic → Vibration → Infras- 557

tructure), while System 2 anchors this knowledge 558

via the latent temporal edge implied by “Minutes 559

later.” The resulting low epistemic uncertainty 560

(u < τ ) validates the prediction, proving that our 561

neuro-symbolic approach ensures robustness with- 562

out sacrificing factual faithfulness. 563

5 Conclusion 564

In this work, we propose COVER, a variational 565

neuro-symbolic framework that resolves the di- 566

chotomy between generative semantic reasoning 567

and discriminative structure learning in Document- 568

level Event Causality Identification. By modeling 569

the LLM as a Variational Prior and grounding it via 570

an Evidential Cognitive Cycle , our approach dy- 571

namically quantifies epistemic uncertainty to sup- 572

press hallucinations through closed-loop feedback. 573

Empirical results on CEC 2.0 and MAVEN-ERE 574

demonstrate that COVER not only establishes new 575

state-of-the-art benchmarks but also significantly 576

outperforms GPT-4 in implicit causality identifica- 577

tion. This confirms that harmonizing generative 578

intuition with structural verification offers a robust 579

pathway for complex reasoning tasks, effectively 580

mitigating the reliability issues of pure large lan- 581

guage models. 582
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Limitations583

Despite establishing new benchmarks in DECI, our584

framework presents certain limitations. First, the585

iterative nature of the Evidential Cognitive Cy-586

cle introduces computational overhead compared587

to single-pass models; although the average iter-588

ation depth remains efficient (≈ 1.65), the infer-589

ence latency for complex samples may challenge590

strictly real-time scenarios. Second, the robust-591

ness of structural verification is partially bounded592

by the quality of upstream resources, where er-593

rors from dependency parsers or coverage gaps in594

external knowledge bases (e.g., ConceptNet) can595

propagate noise into the neuro-symbolic graph. Fi-596

nally, COVER currently operates on pre-identified597

event mentions; this pipeline setting leaves the sys-598

tem vulnerable to cascading errors from the event599

extraction phase, highlighting a necessity for future600

research into end-to-end joint modeling.601
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A Data Efficiency796

We simulate low-resource regimes by training mod-797

els on subsets {10%, 20%, 50%} of the training798

data. As shown in Figure 8, COVER demonstrates799

remarkable resilience, outperforming the strongest800

baseline (LearnDA) by over 10% in F1 score when801

only 10% of data is available.802

This efficiency stems from the synergy between803

the Variational Prior (LLM) and external knowl-804

edge anchoring. Unlike discriminative baselines805

that rely solely on supervised signals, our frame-806

work leverages a semantic “warm start,” enabling807

robust reasoning even with limited annotated ex-808

amples.809

B Causal Marker Taxonomy and Dataset810

Partition811

To systematically evaluate the model’s capability812

in reasoning over implicit dependencies versus ex-813

plicit syntactic patterns, we partitioned the test set814

based on the presence of linguistic cues. We es-815

tablished a standardized Explicit Causal Mark-816

ers List (Table 6) encompassing four grammati-817

cal categories: conjunctions, prepositions, causal818

verbs, and resultative modifiers. An event pair819

is categorized as Explicit Causality if its context820

window contains at least one marker from this821

list, indicating a surface-level linguistic realiza-822

tion. Conversely, a pair is classified as Implicit823

Causality if it satisfies the Zero-Lexical Overlap824

criterion—meaning no predefined markers appear825

in the context—thereby requiring the relation to826

be inferred solely through semantic reasoning or827

background knowledge.828

• Explicit Causality (64.8%): Event pairs cate-829

gorized as explicit if the context window con-830

taining the pair includes at least one marker831

from the standardized list, indicating a surface-832

level linguistic realization of the causal link.833

• Implicit Causality (35.2%): Event pairs834

satisfying the Zero-Lexical Overlap crite-835

rion—i.e., none of the predefined markers ap-836

pear in the sentences. These cases often in-837

volve a Cross-Sentence Gap where the causal838

relation must be inferred solely through se-839

mantic reasoning or background knowledge840

without the aid of transitional connectives.841

Category Keywords / Phrases

Conjunctions because, since, as, for, so, therefore, thus, hence, consequently,
accordingly, so that, in order to, etc.

Prepositions because of, due to, owing to, thanks to, as a result of, as a conse-
quence of, on account of, in view of, by dint of, by virtue of, etc.

Causal Verbs cause, lead to, result in/from, trigger, induce, produce, generate,
spark, provoke, instigate, effectuate, bring about, give rise to, stem
from, arise from, contribute to, be responsible for, etc.

Adverbs & Others consequently, resultantly, inevitable, causal, etc.

Table 6: The standardized list of Explicit Causal Mark-
ers used for dataset partitioning.

Figure 6: Dynamics of the Evidential Cognitive Cycle:
Performance (F1) vs. Epistemic Uncertainty (u).

C Dynamics of the Cognitive Cycle (τ & 842

Imax). 843

The interaction between the energy threshold τ and 844

iteration depth Imax is critical for the “System 2” 845

verification mechanism. 846

• Energy Threshold (τ ): As visualized in Fig- 847

ure 7, τ acts as a gatekeeper balancing reason- 848

ing depth and efficiency. A moderate τ ≈ 0.5 849

yields the highest F1 score while maintain- 850

ing a low computational cost (Avg. Iterations 851

≈ 1.65). Setting τ too low triggers unnec- 852

essary corrections, while setting it too high 853

degrades the verifier into a passive filter. 854

• Iteration Depth (Imax): Figure 6 traces the 855

temporal evolution of the reasoning process. 856

We observe a sharp performance gain from 857

t = 1 to t = 3 as the epistemic uncertainty de- 858

creases. This convergence validates that multi- 859

hop reasoning effectively refines the latent hy- 860

pothesis. However, performance saturates at 861

Imax = 5, suggesting a “diminishing returns” 862

effect. Consequently, we adopt Imax = 3 as 863

the optimal configuration. 864

D Conflict Packet Generation: The 865

Neuro-Symbolic Interpreter 866

To bridge the modality gap between the numeri- 867

cal signals of the neuro-symbolic reasoner (System 868
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Figure 7: Dual-axis analysis of the Energy Threshold
τ : Impact on Model Performance (Left) and Computa-
tional Cost (Right).

Figure 8: Performance comparison in Low-Resource
Scenarios.

2) and the semantic space of the Large Language869

Model (System 1), we implement a deterministic870

Rule-based Interpreter. Unlike utilizing an ad-871

ditional LLM for feedback generation, which may872

introduce secondary hallucinations and latency, our873

interpreter employs a predefined template system874

to translate vector-based anomalies into grounded875

natural language constraints.876

D.1 Formal Definition877

We define the feedback generation as a mapping878

function Ψ : Rd → L, where Rd represents the879

metric space of System 2 and L denotes the natural880

language space. At iteration t, the Conflict Packet881

C(t)
pack is generated based on the metric set M(t) =882

{αij , u,GCS}:883

C(t)
pack =

⋃
k∈K

Ψ(M(t)
k , τk) (8)884

where K denotes the set of error types (Structural,885

Epistemic, Factual) and τ represents the corre-886

sponding activation thresholds.887

D.2 Template Taxonomy 888

We categorized the feedback templates into three 889

types, targeting distinct reasoning failures. 890

Type I: Structural Blocking (Rejection via 891

Graph Attention). Triggered when the Rela- 892

tional Graph Attention Network (RGAT) assigns 893

a negligible attention weight to the hypothesized 894

link, indicating a lack of structural path or logical 895

flow in the document graph. 896

• Condition: αij < τattn (e.g., τattn = 0.1) 897

• Template: [REJECT_LINK]: The 898

hypothesized causal path from 899

’{Head}’ to ’{Tail}’ is structurally 900

invalid. The graph attention weight 901

is negligible ({Value}), indicating 902

no logical support in the document 903

structure. 904

Type II: Epistemic Confusion (Uncertainty 905

Warning). Triggered when the Evidential Deep 906

Learning (EDL) module outputs high epistemic 907

uncertainty, signaling that the current evidence is 908

insufficient to support a definitive classification. 909

• Condition: u > τunc (e.g., τunc = 0.6) 910

• Template: [HIGH_UNCERTAINTY]: The 911

reasoning chain for pair (’{Head}’, 912

’{Tail}’) lacks sufficient evidence. 913

The epistemic uncertainty score is 914

critically high ({Value}). You may 915

be hallucinating a connection where 916

none exists. 917

Type III: Factual Contradiction (Knowledge 918

Grounding). Triggered when the Grounded Con- 919

sistency Score (GCS) is negative, indicating that 920

the retrieved commonsense knowledge conflicts 921

with the specific document context. 922

• Condition: GCS < τgcs (e.g., τgcs = 0.0) 923

• Template: [KNOWLEDGE_CONFLICT]: The 924

retrieved knowledge ’{Triple}’ 925

contradicts the specific context of 926

this document (Consistency Score: 927

{Value}). Discard this external 928

knowledge immediately. 929

D.3 Prompt Integration 930

The generated conflict messages are concatenated 931

and injected into the system prompt for the sub- 932

sequent iteration (t+ 1). An example of the con- 933

structed prompt is shown in Table 7. 934
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[SYSTEM INSTRUCTION]
You are a Causal Reasoning Refiner. Your previous hypothesis has been evaluated by the Neuro-Symbolic
Verifier. The verification failed. Below is the "Conflict Packet" containing specific error reports.

[CONFLICT PACKET]
1. [REJECT_LINK]: The link between "Strike" and "Explosion" is rejected due to low attention weight
(0.05).
2. [HIGH_UNCERTAINTY]: The overall confidence is low (u = 0.85). Lack of supporting evidence.

[TASK]
Based on the feedback above, please re-generate the temporal hypothesis. Do NOT assume "Strike"
directly causes "Explosion" unless you find a new intermediate event. If no evidence exists, output
"Relation: None".

Table 7: Example of an Integrated Feedback Prompt for
System 1 Refinement.

E Analysis of Causal Directionality935

To validate whether the Evidential Cognitive Cy-936

cle effectively rectifies logical fallacies, we con-937

ducted a fine-grained analysis on the Directional938

Error Rate (DER). We define DER as the percent-939

age of correctly detected causal links that were940

assigned the reversed direction (e.g., predicting941

CAUSED_BY for a ground-truth CAUSE relation).942

Figure 9: Directional Error Rate (DER) comparison.
COVER achieves the lowest error rate, demonstrating
the effectiveness of the System 2 verifier in correcting
logical inversions.

The simulation results on the MAVEN-ERE943

dataset are presented in Figure 9. We observe three944

key phenomena:945

• High Confusion in Baselines: Discrimina-946

tive models like RichGCN exhibit a high DER947

of 18.4%, indicating that while they capture948

event associations effectively, they struggle to949

distinguish the logical priority between causes950

and effects, often relying on symmetric co-951

occurrence patterns.952

• Generative Hallucination: The zero-shot953

GPT-4, despite its strong semantic priors, suf-954

fers from a 14.7% DER. Qualitative analy- 955

sis reveals that LLMs often hallucinate direc- 956

tional logic based on surface-level word order 957

rather than deep semantic structures. 958

• System 2 Correction: Crucially, the full 959

COVER framework reduces the DER to an im- 960

pressive 3.8%. The ablation study (COVER 961

w/o Cycle) shows a degradation to 10.5%, 962

which is comparable to the strong baseline 963

iLIF (9.2%). This gap explicitly quantifies the 964

contribution of our Evidential Cognitive Cy- 965

cle: it acts as a logical gatekeeper, detecting 966

the high epistemic uncertainty (u) inherent in 967

reversed causality and triggering the feedback 968

loop to correct the latent hypothesis. 969

F Impact of Variational Prior Generator 970

Selection 971

F.1 Motivation and Setup 972

The Phase I: Variational Prior Generation mod- 973

ule serves as the "System 1" intuition engine in our 974

COVER framework. To evaluate the framework’s 975

dependency on the specific capability of the under- 976

lying Large Language Model (LLM), we conducted 977

a substitution study. We replaced the default back- 978

bone (DeepSeek-R1-14B tuned via LoRA) with the 979

representative LLMs used in our main baselines, 980

including both open-source and closed-source mod- 981

els across different capability tiers. 982

All variants utilized the same Chain-of-Thought 983

(CoT) prompting strategy to generate the initial 984

temporal hypothesis (Htemp) and retrieval queries 985

(Kquery). 986

F.2 Quantitative Results 987

Table 8 presents the performance comparison on 988

the MAVEN-ERE dataset. 989

LLM Backbone (Phase I) Type P (%) R (%) F1 (%)

Standard Configuration
DeepSeek-R1-14B (LoRA) Open 54.2 69.5 60.9

Simulated Variants
DeepSeek-R1 (Full) Open 56.5 72.1 63.3
GPT-4 Closed 56.9 71.5 63.4
GPT-4o-mini Closed 53.4 68.1 59.8
GPT-3.5-turbo Closed 51.8 65.4 57.8
LLaMA2-7B Open 49.5 62.0 55.0

Table 8: Simulated impact of replacing the Phase I
generator with different LLMs on MAVEN-ERE.
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F.3 Analysis and Discussion990

The results highlight the interplay between the gen-991

erator’s reasoning capability and the verifier’s cor-992

rective power:993

1. Reasoning Models Raise the Ceiling. Utiliz-994

ing reasoning-intensive models like DeepSeek-R1995

(Full) or GPT-4 as the variational prior signifi-996

cantly boosts performance (F1 > 63%). Qualitative997

analysis indicates that these models are superior998

at uncovering implicit causal chains in long docu-999

ments, providing a high-recall candidate set for the1000

System 2 verifier. This suggests that the COVER1001

framework can scale up with stronger foundation1002

models.1003

2. Efficiency of Domain Tuning. Our standard1004

configuration using DeepSeek-R1-14B (LoRA)1005

achieves an F1 score (60.9%) comparable to the1006

much larger DeepSeek-Chat (V3) (61.7%) and1007

outperforms GPT-4o-mini (59.8%). This con-1008

firms that parameter-efficient fine-tuning (LoRA)1009

on domain-specific data is a cost-effective alterna-1010

tive to using massive general-purpose models.1011

3. Robustness with Weaker Priors. Even1012

with older or smaller models like GPT-3.5-turbo1013

or LLaMA2-7B, the framework maintains re-1014

spectable performance (F1 55.0%–57.8%), dras-1015

tically outperforming their zero-shot baselines (typ-1016

ically < 30% F1). This proves that the Evidential1017

Cognitive Cycle in Phase III effectively acts as a1018

safety net, filtering out the noise and hallucinations1019

produced by weaker System 1 generators.1020
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