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Abstract001

Large Language Models (LLMs) are widely002
used in high-stakes applications, making their003
interpretability increasingly important. Exist-004
ing interpretability methods are typically cate-005
gorized into internal and external perspectives,006
which are often studied in isolation and tend to007
overlook two key aspects: causality and tem-008
poral dynamics. Explanations are often limited009
to surface correlations or static dependencies,010
failing to capture how influences evolve during011
autoregressive generation. To address these lim-012
itations, we propose a causal and dynamic inter-013
pretability framework for LLM generation. We014
first characterize the backdoor-adjusted causal015
effects of both the generated prefix and the016
prompt on the current token using a structural017
causal model. Next, we introduce two met-018
rics to quantify contextual causal influence and019
question–answer causal influence. Overall, our020
work provides a unified causal view of inter-021
nal consistency and external alignment in LLM022
generation dynamics. The code and datasets023
are available at: https://anonymous.4open.024
science/r/Causal-Dynamic-9ECA.025

1 Introduction026

Large Language Models (LLMs) (Brown et al.,027

2020) achieve impressive performance in dialogue,028

question answering, and content generation. They029

are widely deployed in high-stakes real-world sce-030

narios such as search, education, healthcare, and031

decision support. Therefore, clarifying the ratio-032

nale behind their specific outputs and the informa-033

tion they rely on during generation is critical to034

ensuring their reliability, safety, and controllability.035

Existing research on LLM interpretability can036

be categorized into two classes based on their ob-037

jectives: internal and external interpretability. The038

former focuses on mechanistic explanations of the039

model’s internal generation process (Turpin et al.,040

2023; Conmy et al., 2023; Ortu et al., 2024; Marks041

et al., 2024), while the latter emphasizes explana- 042

tions of the model’s behavior in meeting human 043

requirements, such as evaluating generation quality 044

or diagnosing instruction-following performance 045

(Calderon and Reichart, 2025; Wang et al., 2025; 046

Deutsch et al., 2022; Qin et al., 2024; Madhavan 047

et al., 2023). 048

Despite notable advances in prior work, a promi- 049

nent gap in current research is the lack of integra- 050

tion between internal and external interpretability. 051

These two perspectives are often studied in isola- 052

tion, leading to explanations that either accurately 053

describe internal mechanisms without aiding exter- 054

nal evaluation or align with external criteria while 055

detaching from the model’s true generative process. 056

Beyond the lack of integration between inter- 057

nal and external interpretability, existing work also 058

falls short in jointly considering two fundamental 059

analytical perspectives: causality and dynamics. 060

From a causal perspective, interpretability should 061

identify which factors genuinely constrain model 062

generation. Without causal reasoning, explana- 063

tions are limited to surface correlations and can- 064

not differentiate co-occurrence from true causal 065

influence (Zhang and Nanda, 2023). From a dy- 066

namic perspective, interpretability should consider 067

how the generation process unfolds over time. In 068

the absence of such a view, explanations focus on 069

static outputs or isolated decoding steps, overlook- 070

ing how tiny deviations can accumulate during au- 071

toregressive generation (Anagnostidis et al., 2023). 072

When causality and dynamics are not considered 073

together, explanations may seem reasonable at indi- 074

vidual steps but fail to reflect the model’s decision 075

logic throughout the generation trajectory, limiting 076

their reliability and diagnostic value. 077

To address these limitations, we propose a causal 078

and dynamic interpretability framework that jointly 079

bridges internal and external perspectives to ana- 080

lyze LLMs’ generation behavior. We first character- 081

ize the unbiased causal effects of both the generated 082
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prefix and the prompt on the current token using083

a Structural Causal Model (SCM) (Pearl, 2010a).084

Based on it, we introduce Contextual Causal In-085

fluence (CCI) and Question Answer Causal Influ-086

ence (QACI). CCI characterizes the causal effect087

of the prefix on the current generated token, reveal-088

ing internal information dependencies and dynam-089

ical evolution. QACI quantifies the causal align-090

ment between generated content and input ques-091

tions, enabling an externally consistent evaluation092

of whether generation meets users’ requirements.093

Critically, our metrics require no golden reference094

answers. This strength makes them uniquely suited095

for interpreting open-ended generation tasks with096

no ground truth. Our contributions are as follows:097

(1) We propose a causal-dynamic interpretability098

framework. We introduce two metrics, namely CCI099

and QACI, to characterize the internal consistency100

of prefix-level causal constraints and the external101

consistency of question-answer causal alignment.102

These metrics capture both the strength of causal103

influence and how it evolves and changes over time,104

without requiring reference answers.105

(2) Extensive experiments show that CCI estab-106

lishes stable prefix-level causal constraints early in107

generation, with its cumulative speed and accelera-108

tion rapidly converging. Meanwhile, QACI reveals109

systematic dependencies between question–answer110

causal influence and factors such as question diffi-111

culty, length, and semantic complexity.112

2 Structural Causal Modeling113

We model sequence generation as an autoregressive114

time-step process (Vaswani et al., 2017). First, the115

original question is transformed into a sequence of116

basic units through tokenization, making it com-117

patible with the model’s input format. We denote118

this question token sequence as Q. At time t = 1,119

the decoder generates the first token ε1 conditioned120

on Q, yielding the initial answer A1 = ε1. At121

t = 2, using the generated prefix A1 = ε1 and de-122

coding under Q, the model produces ε2. Then, the123

model concatenates ε2 with ε1 to form A2 = ε1ε2.124

Similarly, at t = 3, the model uses A2 and Q to125

generate ε3, yielding A3 = ε1ε2ε3. This process126

continues until an end-of-sequence token (<EOS>)127

is produced or a maximum length is reached.128

Specifically, when generating εt, the model com-129

putes the conditional distribution P (εt | Q,At−1)130

based on the already generated prefix At−1 and131

the question Q, and then selects the most likely132

Figure 1: Causal structure of sequence generation in
LLMs.

token for coherent sequence generation. In sum- 133

mary, the probability of each token depends on the 134

previously generated prefix and the original ques- 135

tion, namely εt is influenced by Q and At−1 = 136

ε1ε2 . . . εt−1. Thus, with the deterministic update 137

At = concat(At−1, εt), the sequence At is influ- 138

enced by Q and the preceding sequence At−1. 139

Based on the above analysis, we create a struc- 140

tural causal graph (Pearl, 2010b) for sequence 141

generation in LLMs. As shown in Figure 1, for 142

the sequence At, there are two influential paths 143

presented on the graph. The first is A1 → 144

A2 → · · · → At−2 → At−1 → At , indi- 145

cating that each time step’s generated sequence 146

is influenced by the previous one. The second 147

is Q → {A1, A2, · · · , At−2, At−1, At}, showing 148

that Q affects generation at each time step. 149

For the current sequence At, the first type of 150

causal path is the direct path: At−1 → At and 151

Q→ At. The second type of causal path includes 152

confounding factors that affect both the prefix At−1 153

and the current sequence At, leading to the ob- 154

served influence of At−1 on At being partially at- 155

tributable to the influence of Q through At−1. Thus, 156

the observed influence of At−1 on At is biased and 157

does not represent the true causal effect. 158

To eliminate amplified effects, exclusion exper- 159

iments can be considered; however, such experi- 160

ments are often time-consuming, costly, and diffi- 161

cult to scale in practice (Feder et al., 2021). There- 162

fore, we adopt the SCM to analyze LLM generation. 163

By analytically blocking the backdoor path induced 164

by the input question, this approach enables direct 165

estimation of causal effects from standard decoding 166

probabilities. It removes the confounding influence 167

of Q without altering the generation trajectory or 168

requiring counterfactual decoding, thereby isolat- 169

ing the causal effect under the assumed SCM in an 170

efficient and scalable manner. 171

To express the causal relationships in Figure 1, 172
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we present the SCM equations:173

Q = f(uQ), A1 = f(Q, u1),

A2 = f(Q,A1, u2), ..., At = f(Q,At−1, ut).
174

ut denotes the exogenous random noise at time175

step t. We assume the input question Q causally176

influences both the generated prefix At−1 and the177

current token At. Exogenous noise variables ut178

capture stochasticity in decoding but do not act as179

confounders, as they affect only At and are inde-180

pendent of both Q and At−1. Under this model, Q181

is the sole confounding variable for estimating the182

causal effect of At−1 on At.183

To quantify the causal effects captured by struc-184

tural equations and make them computable without185

the do-operator, we derive the following theorem186

on the unbiased causal effect. Our analysis focuses187

on causal identification under the SCM, rather than188

performing physical interventions on the model.189

Theorem 1. The backdoor-adjusted causal effect190

of At−1 on At, obtained by intervening while191

marginalizing over Q drawn from the same batch192

of questions, is given by:193

P (At | do(At−1 = at−1)) =194 ∑
Q

P (εt | Q,At−1 = at−1) · P (Q).195

196

Proof. Here, P (At | do(At−1 = at−1)) denotes197

the interventional distribution that blocks the back-198

door path (Pearl, 2009) via Q. To implement the in-199

tervention do(At−1 = at−1), we remove the struc-200

tural equation defining At−1 and replace it with201

the fixed assignment At−1 = at−1. In the original202

structural equation, At−1 is determined by the pre-203

vious sequence At−2 and the encoded question Q,204

namely At−1 = f
(
Q,At−2, ut−1

)
.205

To implement the intervention, remove this equa-206

tion so that At−1 is no longer affected by Q and207

At−2, and is directly assigned the fixed value at−1.208

Next, substitute At−1 = at−1 into all subsequent209

equations. For example, consider the generation210

equation of At, we have At = f
(
Q,At−1, ut

)
. Af-211

ter the intervention do(At−1 = at−1), it becomes212

At = f
(
Q, at−1, ut

)
. The generation of At de-213

pends only on Q, the fixed value at−1, and random214

noise ut, eliminating the confounding influence of215

Q via At−1. This operation cuts off the correla-216

tion between At−1 and Q, blocking the backdoor217

path At−1 ← Q→ At. Thus, Theorem 1’s expres-218

sion removes the confounding effect of Q, allowing219

P
(
At | do(At−1 = at−1)

)
to reflect the true causal 220

effect of At−1 on At, rather than a mere statistical 221

correlation. This procedure distinguishes the “spu- 222

rious association” from the “true causal effect” in 223

LLM generation, providing a foundation for unbi- 224

ased effect estimation. 225

Theorem 2. When there is no confounding factor 226

between Q and At, the causal effect of Q on At is 227

identifiable without adjustment, and the interven- 228

tional distribution is : 229

P (At = at | do(Q = q)) = P (At = at | Q = q). 230

We thus derive all unbiased causal effects on At. 231

3 Causal Influence Metrics 232

This section proposes two causal influence metrics 233

based on the aforementioned causal effects. 234

3.1 Contextual Causal Influence 235

We define Contextual Causal Influence (CCI) to 236

quantify the internal consistency between the cur- 237

rent generated sequence At and its prefix At−1. 238

Definition 1. The Contextual Causal Influence 239

(CCI) at token t is defined as 240

CCI(At = at | At−1 = at−1) 241

= log2
P (At = at | do(At−1 = at−1))

P (At = at)
. 242

We propose the following theory on the com- 243

putability of CCI: 244

Theorem 3. CCI can be computed as: 245

CCI(At = at | At−1) =

log2

∑
Q=q

P
(
εt

∣∣∣ Q=q
At−1=at−1

)
P (Q)∑

Q=q

P (At = at | Q = q)P (Q)
.

(1) 246

Proof. Specifically, CCI(At = at | At−1 = at−1) 247

measures the log-ratio of the probabilities of gener- 248

ation with and without prefix At−1 guidance. For 249

the numerator, according to Pearl (2010a), we inter- 250

vene on At−1 = at−1 to block the backdoor path 251

from the question variable Q, thereby eliminating 252

confounding effects: 253

CCI(At = at | At−1) = 254

log2

∑
Q=q

P
(
At = at

∣∣∣ Q=q
At−1=at−1

)
P (Q)

P (At = at)
. (2) 255
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For the denominator, by applying the law of total256

probability, we have:257

CCI(At = at | At−1) =258

log2

∑
Q=q

P
(
At = at

∣∣∣ Q=q
At−1=at−1

)
P (Q)∑

Q=q

P (At = at |Q = q)P (Q)
. (3)259

When the current sequence At differs from the260

prefix At−1 only in the new token εt, the differ-261

ence in generation probability arises solely from εt.262

Thus, given Q = q and At−1 = at−1, the probabil-263

ity of At = at can be expressed as the probability264

of εt, leading to (1).265

3.2 Question-Answer Causal Influence266

To capture causal dependency between a model’s267

generated answer and the input question, we define268

the Question–Answer Causal Influence (QACI),269

which quantifies the causal influence of the ques-270

tion on the generated answer.271

Definition 2. Suppose the generated answer to272

the question Q = q is An = an. We define the273

Question–Answer Causal Influence (QACI) as:274

QACI(At = an | Q = q)275

= log2
P (An = an | do(Q = q))

P (An = an)
. (4)276

Furthermore, we have the following theory on277

QACI computability:278

Theorem 4. The calculation for QACI is:279

QACI(At = an | Q = q) =

log2

P (ε1 = a1 | Q = q)
n∏

t=2
P
(
εt = at

∣∣∣ Q=q
At−1=at−1

)
P (ε1 = a1)

n∏
t=2

P (εt = at |At−1 = at−1)

.

(5)280

Proof. According to the backdoor criterion(Pearl,281

2010a), there exists no backdoor path from the282

question Q to the generated token At in Figure 1.283

Therefore, the causal effect of Q on At is identi-284

fiable without adjustment, and the interventional285

distribution is286

QACI(At = an | Q = q) =

log2
P (An = an | Q = q)

P (An = an)
.

(6)287

We further decompose P (An = an | Q = q)288

based on the chain rule(Murphy, 2012). As the289

model generates answers autoregressively, the gen- 290

eration of each token εt depends on the question 291

Q = q and the prefix At−1. We fix the prefix At−1 292

to the partial answer at−1. Thus, the full answer 293

generation probability can be expressed as: 294

P (An = an | Q = q) = P (ε1 = a1 | Q = q)

·
n∏

t=1

P (εt = at | Q = q, At−1 = at−1).

(7) 295

Similarly, we have: 296

P (An = an) = P (ε1 = a1)

·
n∏

t=1

P (εt = at | At−1 = at−1).
(8) 297

Substituting (7) and (8) into (6), we can derive 298

(5). 299

Specifically, QACI(At = an | Q = q) represents 300

the log-ratio of the probability of generating the 301

answer with question guidance versus without ques- 302

tion guidance. The Appendix B provides the feasi- 303

bility and complexity analysis of CCI and QACI. 304

4 Experimental evaluation 305

4.1 Causal Validation 306

To justify the causal validity of CCI and QACI, 307

we analyze three classical criteria—temporality, 308

covariation, and exclusivity, widely regarded as 309

fundamental in causal inference (Reichardt, 2002). 310

4.1.1 Temporality 311

Temporality requires that a cause precede its effect 312

in time, ensuring the correct temporal ordering nec- 313

essary for causal interpretation. In autoregressive 314

generation, temporality is inherently satisfied: the 315

input question precedes the answer, the prefix is 316

formed before the model produces the next token. 317

Therefore, our experimental analysis focuses on 318

covariation and exclusivity. 319

4.1.2 Covariation 320

Covariation implies that variations in a causal 321

measure are systematically linked to changes in 322

other metrics, indicating non-independent varia- 323

tions among them. We focus on summarization 324

using CNN/DailyMail dataset (See et al., 2017). 325

We evaluated LLMs including T5 family (Raffel 326

et al., 2020), Qwen2.5-Instruct-7B (Team, 2024), 327

Mistral-7B-v0.1(Jiang et al., 2023) and Llama3- 328

8B base model (Meta AI, 2024). Experiments are 329

conducted on an NVIDIA A100 GPU. 330
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Model CCI↑ Cosine↑ Jaccard↑ Topic-JS↓ QACI↑ ROUGE-L↑ CHRF↑ TER↓
T5-small 13.83 0.74 0.23 0.73 502.13 27.72 33.53 90.03
T5-base 13.21 0.57 0.05 0.92 594.38 27.21 35.93 90.36
T5-large 12.68 0.62 0.05 0.93 1024.95 31.27 41.28 87.21
Mistral-7B-v0.1 27.06 0.70 0.10 0.57 164.49 17.34 29.50 170.15
Qwen2.5-Instruct-7B 19.66 0.78 0.06 0.57 342.36 24.81 40.68 120.57
LLaMA 3-8B 18.49 0.67 0.04 0.64 168.27 20.36 35.87 157.85
Pearson r 0.44 -0.08 -0.83 0.91 0.60 -0.83
Spearman ρ 0.66 0.37 -1.00 0.94 0.71 -0.94

Table 1: Model-level comparison of CCI/QACI and conventional metrics, ↑ indicates that higher values are better,
while ↓ indicates that lower values are better.

CCI is compared to similarity-based metrics331

like Adjacent-Sentence Embedding Cosine (Co-332

sine) (Gao et al., 2021), Jaccard Overlap (Jac-333

card) (Jaccard, 1901; Shao et al., 2024), and334

topic Jensen–Shannon Divergence (Topic-JS) (Lin,335

2002; Wang et al., 2024). QACI is benchmarked336

against classical summarization accuracy metrics,337

including Recall-Oriented Understudy for Gist-338

ing Evaluation-Longest Common Subsequence339

(ROUGE-L) (Lin, 2004; Saha and Zhang, 2023),340

character n-gram F-score (chrF) (Popović, 2015;341

Winata et al., 2024), and Translation Edit Rate342

(TER) (Snover et al., 2006; Deguchi et al., 2024).343

We create a validation subset of 50 samples for344

CCI and 100 for QACI by shuffling the data with345

a random seed of 42 and repeating the evaluations346

10 times. After averaging model performance, we347

compute Pearson and Spearman correlation coef-348

ficients between the metrics (Benesty et al., 2009;349

Spearman, 1961).350

Table 1 shows the covariations between351

CCI/QACI and other correlation-based metrics.352

CCI shows significant correlations with Cosine353

and Topic-JS. The stable negative correlation with354

Topic-JS indicates that strong contextual causal355

dependence leads to reduced topic drift during gen-356

eration, while the weak correlation with Jaccard357

suggests that surface-level lexical overlap fails to358

capture contextual causal dependencies.359

QACI is positively correlated with ROUGE-360

L/CHRF and negatively correlated with TER, indi-361

cating a stronger question–answer causal influence362

relates to better content coverage and lower edit363

distance compared to references. Overall, these re-364

sults show that although our metrics do not rely365

on reference answers, they maintain strong co-366

variation with reference-based metrics. Moreover,367

CCI/QACI can capture causal influence character-368

istics not directly reflected by traditional measures,369

demonstrating complementarity and validation.370

0 20 40 60
Token position t

0

20

Av
er

ag
e 

va
lu

e 
(b

its
) CCI

PMI
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Figure 3: Speed and acceleration dynamics of causal
and correlational metrics.

4.1.3 Exclusivity 371

Exclusivity characterizes whether the influence at- 372

tributed to a specific factor cannot be explained 373

away by other correlated variables, thereby reflect- 374

ing the uniqueness of its contribution to the out- 375

come. A natural baseline for this purpose is Point- 376

wise Mutual Information (PMI) (Xu et al.), which 377

quantifies statistical dependence but may conflate 378

unique influence with dependence induced by other 379

correlated variables. It measures statistical depen- 380

dence between two random variables by compar- 381

ing their joint probability to the product of their 382

marginals. In the generation setting,we use PMI to 383
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Figure 4: CCI varying trajectories over the fine-tuning process.

quantify the observational dependence between the384

generated prefix At−1 and the current sequence At,385

conditioned on the question Q:386

PMI(At−1;At | Q) = log2
P (At | At−1, Q)

P (At | Q)
.387

Due to a lack of high-quality datasets for open-388

ended questions, we randomly selected 50 ques-389

tions from our original dataset (see Appendix C for390

details) and repeated the experiments 10 times.391

As shown in Figure 2, both CCI and PMI demon-392

strate increasing dependence between the prefix393

At−1 and the current sequence At as the token po-394

sition advances, indicating that the model’s genera-395

tion becomes more conditioned on the preceding396

context. CCI consistently achieves higher values397

than PMI across all positions, indicating a system-398

atic offset between the two measures.399

In Figure 3, as generation proceeds, the speed of400

PMI increases with token position, and its acceler-401

ation gradually decreases but remains consistently402

higher than 0. It suggests that the observed depen-403

dence in PMI mainly comes from the accumulation404

of longer contexts, specifically surface-level co-405

occurrence, rather than a strong causal constraint.406

In contrast, the speed of CCI increases rapidly407

in the early stages, with negative acceleration ap-408

proaching 0, indicating that the causal constraint409

imposed by the prefix is established early and main-410

tained with stable strength throughout generation.411

These observations indicate that when PMI is412

computed without accounting for the confounding413

influence of the question Q, it confounds the esti-414

mated effect of the prefix with that of Q, thereby415

consistently undervaluing the prefix’s actual contri-416

bution. By contrast, CCI rapidly establishes causal417

constraints between the prefix and the current se-418

quence early in generation, maintaining a stable419

increase in the middle and later stages (with accel-420

eration rising from negative values to stabilizing 421

around zero), thus providing a more stable and in- 422

tuitive measure of contextual influence. 423

4.2 Multi-Task Evaluation 424

4.2.1 Fine-Tuning 425

We finetune T5-base and Qwen2.5-Instruct-7B on 426

the CNN/DailyMail dataset for 5 epochs, tracking 427

causality dynamics during learning in a standard 428

supervised fine-tuning setup (Raffel et al., 2020; 429

Team, 2024; Yu et al., 2025). After each epoch, 430

we compute QACI and CCI on the validation split, 431

plotting their empirical distributions and epoch- 432

wise trajectories. 433

(1) Varying trajectories of CCI. Figure 4 il- 434

lustrates that during training, both models’ CCI 435

remain above zero, indicating that generations 436

are strongly constrained by prior context. From 437

epoch 0 to epoch 1, CCI significantly increases, 438

followed by minor fluctuations from epoch 2 to 439

epoch 5. Both models exhibit distributional con- 440

traction: the Inter Quartile Range (IQR) and its 441

whiskers shrink modestly, suggesting reduced vari- 442

ability and more consistent contextual dependence. 443

(2) Varying trajectories of QACI. As shown in 444

Figure 5, QACI increases starting from epoch 1. It 445

indicates that as training progresses, the model’s 446

generation becomes increasingly dependent on the 447

questions, reflecting a growing degree of causal 448

alignment between the question and the answer. 449

However, the temporary decrease in QACI for 450

Qwen2.5 from epoch 0 to epoch 1 arises from 451

its rapid adaptation to generic summarization tem- 452

plates, resulting in a transient causal misalignment 453

between the question and the answer. In contrast, 454

T5-base establishes task-specific templates earlier, 455

leading to a steady increase in QACI from the start. 456
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4.2.2 Generation457

(1) CNN/DailyMail. Figure 6 shows the per-458

epoch CCI averaged by relative token position,459

with the solid curve denoting the mean and the460

shaded region representing the 95% confidence in-461

terval. Relative token position normalizes each462

token’s index within a sequence, expressing its lo-463

cation from 0% (beginning) to 100% (end). As the464

sequence progresses, CCI consistently increases in465

both models. In T5-base, CCI slightly decreases466

for later tokens in epochs 2 and 5. In Qwen2.5-467

Instruct-7B, the upward trend in epoch 0 is more468

pronounced than in subsequent epochs, reflecting469

the original model’s significant potential for further470

optimization. Overall, these results highlight that471

each newly generated token increasingly reflects472

the preceding content. 473

(2) Open-ended tasks. We evaluate some refer- 474

ence free Question-Answer tasks using Qwen2.5- 475

Instruct-7B. The dataset sizes and hierarchical cat- 476

egorizations of questions by abstraction and length 477

are shown in Appendix C, respectively. 478

A) Question difficulty on CCI. We firstly conduct a 479

question-difficulty analysis by grouping questions 480

into multiple levels. We examine how CCI evolves 481

over relative token positions during the generation 482

process. Figure 7 shows a clear and monotonic 483

increase of CCI with question difficulty. CCI in- 484

creases as question difficulty rises. For questions 485

in level 1, CCI grows slowly and displays larger 486

fluctuations, indicating a weaker causal constraint 487

of the prefix on current sequence. As question diffi- 488

culty level increases, CCI rises rapidly in early de- 489

coding and continues to strengthen throughout the 490

generation process, suggesting that complex ques- 491

tions rely more on previously generated context for 492

sustained reasoning and structured generation. 493

B) Question length on QACI. We analyze the ef- 494

fect of question length by grouping questions into 495

five levels based on length and semantic complex- 496

ity, ranging from short, keyword-like queries to 497

long, multi-sentence questions requiring integra- 498

tive reasoning. As shown in Figure 8, the aver- 499
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Figure 8: QACI dynamics across question length levels.

age QACI increases monotonically with question500

length, with a notably steeper rise at higher lev-501

els, indicating that longer questions induce sub-502

stantially stronger causal dependence between the503

question and the generated answer. This trend sug-504

gests that as questions become longer and more505

informative, the model’s generation is increasingly506

constrained by the global question context, high-507

lighting QACI’s sensitivity to question-level causal508

influence beyond local token-wise dynamics.509

5 Related Work510

Interpretability research for LLMs can be broadly511

divided into internal and external perspectives, de-512

pending on whether explanation validity is judged513

by fidelity to internal mechanisms or by usefulness514

in external applications.515

Internal interpretability seeks to reveal the true516

generative basis and causal mechanisms underly-517

ing model behavior. Prior works show that com-518

monly used intermediate signals, such as attention519

weights or generated rationales, can be misleading520

or post-hoc and do not necessarily reflect the actual521

decision process (Jain and Wallace, 2019; Turpin522

et al., 2023). Consequently, later studies emphasize523

verifiable faithfulness through interventions like524

deletion, counterfactual analysis, and manipulation525

at the parameter-level or activation-level (Zhang526

and Nanda, 2023), as well as mechanistic inter-527

pretability methods that localize model behavior528

to internal structures through circuit discovery and529

activation patching (Conmy et al., 2023; Ortu et al.,530

2024). Marks et al. (2024) analyzes how RLHF531

training shapes feedback-related activation patterns532

within the model. Related work also explores rep-533

resentation and training dynamics to explain how534

internal predictions and knowledge emerge over535

time (Belrose et al., 2023).536

External interpretability emphasizes the role of537

explanations in real-world settings, assessing their538

support for user understanding, model assessment, 539

and system governance rather than reconstructing 540

internal generation mechanisms. The effectiveness 541

of interpretability depends on the stakeholders it 542

serves, as different audiences have distinct prefer- 543

ences for explanations and content (Calderon and 544

Reichart, 2025). From a user-centered perspective, 545

empirical studies show that structured or verifiable 546

information typically enhances user trust and sat- 547

isfaction more than lengthy reasoning traces, espe- 548

cially in high-risk applications (Wang et al., 2025). 549

In model evaluation and alignment, related work 550

has revealed systematic biases in reference-free 551

evaluation methods, highlighting that external as- 552

sessments require interpretability and calibration 553

(Deutsch et al., 2022). Other studies decompose 554

complex instructions into explicit, checkable re- 555

quirements, making successes or failures in instruc- 556

tion following more transparent and diagnosable 557

(Qin et al., 2024). Research on fairness and safety 558

uses causal analysis to identify factors contributing 559

to harmful attributes, offering interpretable signals 560

for external governance and risk control (Madha- 561

van et al., 2023). 562

However, existing interpretability approaches 563

face a critical shortcoming. They are unable to 564

unify internal consistency and external alignment 565

within a single framework. What is more, they 566

lack the ability to model causal effects and tem- 567

poral dynamics simultaneously. Addressing this 568

gap, our work jointly models internal consistency 569

and external alignment from a causal and dynamic 570

perspective within a unified framework. 571

6 Conclusion 572

In this work, we propose a causal and dynamic 573

interpretability framework for LLM generation 574

and introduce two reference-free metrics CCI and 575

QACI, to analyze causal dependencies during au- 576

toregressive decoding. Extensive experiments show 577

that CCI establishes stable prefix-level causal con- 578

straints early in generation, with its cumulative 579

speed and acceleration rapidly converging. Mean- 580

while, QACI reveals systematic dependencies be- 581

tween question–answer causal influence and factors 582

such as question difficulty, length, and semantic 583

complexity. These findings indicate that LLM gen- 584

eration follows time-varying causal influences that 585

static or correlation-based measures fail to capture, 586

making causal–dynamic analysis a practical tool 587

for evaluating and diagnosing generative models. 588
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Limitation589

This framework focus on autoregressive text gen-590

eration and does not cover multimodal or cross-591

modal generation scenarios. Extending the pro-592

posed causal–dynamic interpretability framework593

to visual or other modalities is reserved for future594

work. The proposed metrics also assume access to595

token-level logits, which may limit direct applica-596

bility to fully closed-source models.597
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A The Use of Large Language Models 778

In this work, Large Language Models (LLMs) are 779

only employed to assist with language polishing 780

and writing refinement. The LLM did not influence 781

content ideation, data analysis, or experimental 782

design in any way. 783

B Feasibility and Complexity Analysis. 784

Feasibility. According to (3), computing CCI at 785

each time step t requires evaluating two weighted 786

sums over the question variable Q. Both the nu- 787

merator and the denominator can be expressed 788

using token-level log-probabilities from a stan- 789

dard autoregressive language model: the numer- 790

ator term P (At = at | Q = q, At−1 = at−1) 791

corresponds to the next-token conditional proba- 792

bility given the prefix and Q, while the denomi- 793

nator term P (At = at | Q = q) is obtained via 794

chain-rule accumulation over the prefix up to step t. 795

Here, the summation over the question variable Q 796
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is taken over a finite set consisting of all questions797

within the same evaluation batch, rather than an798

unbounded question space. These quantities can799

be computed using standard forward passes and800

simple log-domain aggregation (e.g., logsumexp).801

They integrate naturally with KV-cache–based in-802

cremental decoding, reuse previously computed803

states, and therefore avoid re-encoding past pre-804

fixes, making the computation efficient in practice.805

Complexity. Let M denote the number of ques-806

tions enumerated (or sampled) for marginalization,807

Lctx the prompt length, L the generation length,808

and let CCI be evaluated every Bstep tokens, yield-809

ing T ≈ ⌈L/Bstep⌉ evaluation points. With incre-810

mental decoding, the time complexity for a single811

generated sequence is812

O
(
M

(
L2

ctx + T Lctx + T 2
))

,813

where L2
ctx accounts for the one-time prefill per q,814

and the remaining terms arise from incremental de-815

coding across evaluation points. For N sequences,816

the total complexity scales linearly as817

O
(
NM(L2

ctx + T Lctx + T 2)
)
.818

The space complexity is dominated by the KV819

cache and can be expressed as820

O
(
M (Lctx + T )nlayers d

)
,821

with batching over q reducing constant factors in822

practice.823

C Original open-ended datasets824

In Section 4.2.2 on open-ended tasks, we propose825

two open-domain question answering datasets to826

evaluate the effects of question difficulty and ques-827

tion length on the trends of CCI and QACI. The828

size of each dataset is 1000. The hierarchical cat-829

egorization of questions by abstraction and rea-830

soning depth is shown in Table 2. And the hi-831

erarchical categorization of questions by length832

is illustrated in Table 3. All datasets can be833

found in https://anonymous.4open.science/834

r/Causal-Dynamic-9ECA.835
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Level Question Type and Example
Level 1: Factual Queries about concrete, observable facts or basic properties. Example:

“What basic function do a cat’s whiskers serve in daily activities?”
Level 2: Relational Questions that explore relationships or causal links between known concepts.

Example: “How is dogs’ high olfactory sensitivity related to their survival
needs?”

Level 3: Hypothetical Reasoning under plausible assumptions, extending known knowledge to new
situations. Example: “If nocturnal vision in felines were further enhanced,
how might their hunting behavior change?”

Level 4: Analytical Logical reasoning under extreme or counterfactual assumptions, requiring
systematic analysis. Example: “If humans no longer needed sleep, how
would work systems and entertainment patterns fundamentally change?”

Level 5: Abstract Highly abstract or philosophical speculation that challenges fundamental
concepts. Example: “If humans could perceive all wavelengths of light, how
would our definition of reality change?”

Table 2: Hierarchical categorization of questions by abstraction and reasoning depth.

Level Question Type and Example
Level 1: Factual Queries about concrete, observable facts or basic properties, typically short

and direct. Example: “What is the significance of the Sun’s core tempera-
ture?”

Level 2: Contextual Factual Factual questions with an expanded scope that introduce explicit context or
target systems. Example: “What is the specific significance of the Sun’s core
temperature for the Solar System?”

Level 3: Relational Reasoning Questions that require explaining mechanisms or relationships between
concepts and their implications. Example: “How does the Sun’s core tem-
perature sustain nuclear fusion, and why is this crucial for understanding
stellar evolution?”

Level 4: Explanatory Long, background-rich prompts that provide explanatory context and im-
pose strong contextual constraints. Example: “The stability of the Sun’s
core temperature is a prerequisite for sustained nuclear fusion, ensuring
continuous solar radiation. It directly determines the habitable zone of the
Solar System, placing Earth in a suitable environment. It also provides an
indispensable energy basis for the origin and persistence of life on Earth.”

Level 5: Abstract Reasoning Long-form questions with multiple premises and system-level impacts, re-
quiring high-level synthesis and abstract reasoning. Example: “The Sun’s
core temperature is the key condition for sustained nuclear fusion. Its stabil-
ity at around 15 million degrees Celsius not only determines solar radiative
output but also affects energy supply to planets. What deeper and critical
roles does this stability play in forming the habitable zone of the Solar
System and in the origin and evolution of life on Earth?”

Table 3: Hierarchical categorization of questions by length.
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