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Abstract001

Routing is widely used to scale large lan-002
guage models, from Mixture-of-Experts003
gating to multi-model/tool selection. A004
common belief is that routing to a task005
“expert” activates sparser internal compu-006
tation and thus yields more certain and007
stable outputs (the Sparsity–Certainty Hy-008
pothesis). We test this belief by injecting009
routing-style meta prompts as a textual010
proxy for routing signals in front of frozen011
instruction-tuned LLMs. We quantify (C1)012
internal density via activation sparsity,013
(C2) domain-keyword attention, and (C3)014
output stability via predictive entropy and015
semantic variation. On a RouterEval sub-016
set with three instruction-tuned models017
(Qwen3-8B, Llama-3.1-8B-Instruct, and018
Mistral-7B-Instruct-v0.2), meta prompts019
consistently densify early/middle-layer rep-020
resentations rather than increasing spar-021
sity; natural-language expert instructions022
are often stronger than structured tags.023
Attention responses are heterogeneous:024
Qwen/Llama reduce keyword attention,025
while Mistral reinforces it. Finally, the026
densification–stability link is weak and ap-027
pears only in Qwen, with near-zero corre-028
lations in Llama and Mistral. We present029
RIDE as a diagnostic probe for calibrating030
routing design and uncertainty estimation.031

1 Introduction032

As large language models (LLMs) are in-033

creasingly deployed in search assistants, cod-034

ing assistants, and multi-tool systems, rout-035

ing has become a foundational mechanism.036

In Mixture-of-Experts (MoE) architectures,037

a lightweight gating network activates only038

a small subset of expert subnetworks condi-039

tioned on the input, achieving parameter-level040

sparsification and computational savings. In041

multi-model routing systems, a policy model042

selects among multiple LLMs, toolchains, or043

APIs to balance performance, cost, and safety. 044

As routing structures grow more complex, a 045

new challenge emerges: we must understand 046

not only whether routing decisions are “cor- 047

rect,” but also how routing signals shape 048

the backbone model’s internal representa- 049

tions and reasoning patterns. A compelling 050

intuition in current practice and informal 051

discussions is that routing effectively selects 052

a narrower, more specialized “expert path- 053

way”, making internal computation sparser 054

and more focused, ultimately producing more 055

certain and stable outputs. We formalize this 056

intuition as the Sparsity–Certainty Hypothe- 057

sis: when a model receives a clear routing sig- 058

nal (e.g., “this is a math task”), its internal 059

representations propagate along more selec- 060

tively gated sparse pathways, suppressing task- 061

irrelevant activations and thereby reducing 062

output entropy and increasing cross-sample 063

consistency. This hypothesis has been implic- 064

itly adopted in various settings—for instance, 065

using internal signals such as activation spar- 066

sity or attention concentration as proxies for 067

uncertainty estimation, early exit, or routing 068

decisions. However, modern instruction-tuned 069

LLMs have highly complex internal structures 070

that strongly depend on training details, and 071

whether this hypothesis holds has not been sys- 072

tematically tested. Directly “opening up” real 073

MoE gating mechanisms or complex policy 074

routers is often impractical. Engineering sys- 075

tems are typically tightly encapsulated, mak- 076

ing expert activation dynamics difficult to ac- 077

cess; moreover, modifying routers to insert di- 078

agnostic signals may compromise stability and 079

safety in production. We therefore take a prag- 080

matic alternative: instead of intervening on 081

the router itself, we inject routing-style meta 082

prompts at the input level as a textual proxy 083

for routing decisions. Concretely, we prepend 084
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different types of prefixes to frozen instruction-085

tuned LLMs, including structured route tags086

(e.g., [RouteTag=math]), natural-language ex-087

pert instructions (e.g., ”You are a Math Ex-088

pert.”), as well as control conditions such as089

incorrect tags and placebo tags. For each090

instance, we keep the backbone parameters091

and random seeds identical across prefix con-092

ditions and vary only the prefix, thereby con-093

structing paired, controlled intervention ex-094

periments. By comparing internal activation095

density, domain-keyword attention, and out-096

put stability across conditions, we can ana-097

lyze how “routing-style signals” modulate in-098

ternal states. Building on this idea, we pro-099

pose RIDE (Route-Induced Density and Sta-100

bility), centered on three research questions:101

• RQ1 (Density effects): Under a frozen102

backbone, how do different routing-style103

meta prompts (route tags vs. expert104

prompts) change the density/sparsity of105

internal activations? Which layer seg-106

ments are most affected?107

• RQ2 (Attention strategies): Do routing-108

style meta prompts change how the model109

leverages domain information? After re-110

ceiving explicit labels, do models “offload”111

reliance on domain keywords, or instead112

increase their focus on keywords?113

• RQ3 (Densification–stability relation):114

At the instance level, is there a stable as-115

sociation between changes in internal den-116

sification (C1) and changes in output sta-117

bility (C3)? Is this association consistent118

across models, and can it serve as a gen-119

eral proxy for routing decisions?120

Importantly, the “routing signals” analyzed in121

this work are not the internal states of real122

MoE gating modules or multi-model routers;123

they are routing-style meta instructions in-124

jected as textual prefixes. Our conclusions125

thus constitute causal-style interventional ev-126

idence from controlled experiments, rather127

than full-fledged structural causal identifica-128

tion.129

1.1 Contributions130

Within this framework, our main contribu-131

tions are:132

• RIDE metrics and a unified 133

controlled-intervention pipeline. 134

We design a suite of routing-style meta 135

prompts and control conditions (control 136

/ correct tag / incorrect tag / placebo 137

tag / expert instruction), construct 138

paired interventions on three open-source 139

instruction-tuned LLMs, and define 140

three metric families—C1 (density), C2 141

(domain-keyword attention), and C3 (out- 142

put stability)—as a systematic toolkit for 143

analyzing routing-signal effects. 144

• Model heterogeneity in densifica- 145

tion and attention responses to 146

meta prompts. Experiments show 147

that all models exhibit significant densi- 148

fication responses to task-oriented meta 149

prompts in the Early/Middle layers, while 150

natural-language expert instructions in- 151

duce stronger densification than struc- 152

tured route tags in most settings. At the 153

attention level, different models can even 154

exhibit opposite strategies: Llama/Qwen 155

align more with cognitive offloading, 156

whereas Mistral displays attention rein- 157

forcement. 158

• A systematic test of the “densifi- 159

cation ⇒ stability” chain with in- 160

formative negative results. We ob- 161

serve a small-to-moderate positive cor- 162

relation consistent with densification– 163

stability coupling in Qwen3-8B, but the 164

link is weak or statistically insignifi- 165

cant at the instance level for Llama-3.1- 166

8B-Instruct and Mistral-7B-Instruct-v0.2. 167

These results suggest limited empirical 168

support for the assumption that internal 169

density serves as a cross-model, general- 170

purpose uncertainty measure or routing 171

signal. Consequently, RIDE is better 172

positioned as a diagnostic probe for re- 173

vealing heterogeneous model responses to 174

routing-style meta prompts. 175

2 Background and Related Work 176

We briefly review three lines of work—routing 177

and routing benchmarks, sparsity–certainty as- 178

sumptions, and interpretability/meta-prompt 179

analysis—and position RIDE among them. 180
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Routing mechanisms and benchmarks.181

In Mixture-of-Experts (MoE) models, a gat-182

ing network activates a small subset of ex-183

perts for conditional computation, with ex-184

tensive work on scaling and training stabil-185

ity (e.g., load balancing and regularization).186

(Shazeer et al., 2017; Fedus et al., 2022; Du187

et al., 2022; Lepikhin et al., 2021) However,188

these advances are largely evaluated by down-189

stream performance and FLOPs, and rarely190

analyze how gating signals shape intermediate191

representations. (Zoph et al., 2022; Rajbhan-192

dari et al., 2022) In multi-model/tool routing,193

a policy selects among models or tools under194

capability–cost trade-offs. (Chen et al., 2024;195

Schick et al., 2023; Yao et al., 2023) Recent196

benchmarks and learned routing strategies en-197

able systematic evaluation (e.g., across tasks,198

difficulty, and cost), but mainly assess input–199

output selection quality rather than internal-200

state effects. (Hu et al., 2024; Huang et al.,201

2025; Song et al., 2025) In contrast, we do not202

build or optimize routers; we treat routing-203

style meta prompts as controllable textual204

proxies of routing signals and analyze their in-205

ternal effects. (Hendel et al., 2023; Liu et al.,206

2024; Stolfo et al., 2025)207

Sparsity and certainty. Across compres-208

sion, MoE, and adaptive inference, activation209

sparsity/attention concentration and entropy210

are often used as proxies for specialization211

or uncertainty, and as signals for early exit-212

ing or model switching. (Frankle and Carbin,213

2019; Sanh et al., 2020; Fedus et al., 2022;214

Du et al., 2022; Zhou et al., 2020; Xin et al.,215

2020; Chen et al., 2024; Vazhentsev et al.,216

2022) These practices implicitly suggest that217

“sparser/more concentrated internal states ⇒218

more stable outputs.” (Zhai et al., 2023)219

We formalize this as the Sparsity–Certainty220

Hypothesis and test it via controlled meta-221

prompt interventions on frozen instruction-222

tuned LLMs, separating mechanism probing223

from performance optimization. (Chung et al.,224

2024; Stolfo et al., 2025)225

Interpretability and meta-prompt anal-226

ysis. Mechanistic interpretability probes in-227

ternal computation via activations, attention,228

and circuit-level discovery/attribution. (Meng229

et al., 2022; Conmy et al., 2023; Ameisen230

et al., 2025; Zhang et al., 2025; Jain and Wal-231

lace, 2019; Wiegreffe and Pinter, 2019) Recent 232

work also shows that prompts/instructions 233

can steer internal representations and induce 234

measurable distraction/attraction phenomena 235

that can be localized to specific heads or 236

circuit components. (Hendel et al., 2023; 237

Liu et al., 2024; Niu et al., 2025) We fol- 238

low this direction but focus on routing-style 239

meta prompts and, unlike single-model quali- 240

tative studies, provide a unified multi-model 241

intervention pipeline to compare heterogene- 242

ity along density–attention–stability pathways. 243

(Huang et al., 2025; Hu et al., 2024; Rimsky 244

et al., 2024; Yu et al., 2025; Meng et al., 2022) 245

3 RIDE: Routing-Style Meta 246

Prompts and Experimental 247

Design 248

3.1 Routing-Style Meta Prompts 249

We inject routing-style meta prompts by 250

prepending short prefixes to the user instruc- 251

tion. For each instance, we construct five pre- 252

fix conditions: 1.control: No routing-related 253

prefix is added; the task instruction is fed di- 254

rectly. 2.tag_correct: We add a structured 255

tag that matches the instance domain, e.g., 256

[RouteTag=math] or [RouteTag=code]. The 257

tag format is fixed, with the internal field in- 258

dicating the domain. 3.tag_wrong: We add a 259

tag that does not match the instance domain 260

(e.g., [RouteTag=code] before a math prob- 261

lem) to probe intervention effects of “incor- 262

rect routing signals.” 4.tag_placebo: The tag 263

has the same surface format as tag_correct, 264

but the internal string carries no recogniz- 265

able semantics (e.g., random tokens), control- 266

ling for prefix length and formatting effects. 267

5.instr_expert: We use natural-language ex- 268

pert instructions such as “You are a Math Ex- 269

pert.” or “You are a coding assistant.”, repre- 270

senting widely used role-setting prompts. 271

All conditions share the same core instruc- 272

tion text, frozen backbone parameters, and de- 273

coding configuration; only the prefix differs. 274

Thus, each instance forms a strictly paired 275

intervention experiment across the five con- 276

ditions, and differences can be interpreted as 277

controlled intervention effects of the “routing- 278

style signal.” 279
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3.2 Dataset and Domain Partitioning280

We construct our experimental samples from281

the RouterEval dataset and focus on three282

sub-domains: Math: multi-step mathemat-283

ical reasoning problems; Format / IFE-284

val: tasks with strict output-format con-285

straints; Commonsense: primarily multiple-286

choice commonsense reasoning tasks. Follow-287

ing RouterEval’s easy/hard difficulty split, we288

sample instances from the training split within289

each sub-domain, ensuring that every model290

sees exactly the same inputs under all prefix291

conditions. To avoid data leakage, we use only292

the official training partition and keep the per-293

domain sample size on the order of hundreds294

to a thousand. Appendix A reports detailed295

statistics of sample distributions by domain296

and difficulty.297

3.3 Models and Decoding298

Configuration299

We evaluate three open-source instruction-300

tuned models: Llama-3.1-8B-Instruct,301

Mistral-7B-Instruct-v0.2, Qwen3-8B.302

The three models have similar parameter303

scales, are instruction-tuned, and perform304

well across multiple tasks. We use a unified305

decoding configuration (temperature, top-p,306

maximum length, etc.). For each instance307

and each fixed random seed, we generate K308

candidate outputs to estimate output entropy309

and semantic variation. All prefix conditions310

share the same set of random seeds, minimiz-311

ing the influence of sampling randomness on312

paired differences.313

3.4 Representation Sampling and314

Layer-Segment Partitioning315

We sample hidden states from every layer and316

uniformly partition layers by depth into three317

segments: - Early: the first third of layers clos-318

est to the input embeddings; - Middle: the319

middle third; - Late: the final third closest320

to the output head. Within each segment,321

we aggregate over the token dimension (e.g.,322

by mean or max pooling) to obtain a repre-323

sentative hidden vector for computing metrics324

such as Hoyer sparsity and Top-k energy. For325

attention-based metrics, we primarily focus on326

the last layer (or several late layers) as an ap-327

proximation of how much the decoder attends328

to domain keywords during decision making.329

4 Metrics and Analysis Methods 330

We define three metric families: C1 (activa- 331

tion sparsity/density), C2 (domain-keyword 332

attention), and C3 (output stability). Unless 333

otherwise noted, all metrics are computed per 334

instance and per prefix condition, then com- 335

pared via paired differences. 336

4.1 C1: Activation Sparsity / Density 337

We quantify the sparsity of a hidden vector 338

h ∈ Rd using Hoyer sparsity: Hoyer(h) = 339(√
d− ∥h∥1/∥h∥2

)
/(
√
d − 1) ∈ [0, 1], where 340

larger values indicate higher sparsity (thus 341

lower values indicate densification). We aggre- 342

gate token-level Hoyer scores over layer seg- 343

ments (Early/Middle/Late). In addition, we 344

compute the Top-k energy ratio (TopK), i.e., 345

the fraction of ℓ2 energy captured by the top- 346

k dimensions after sorting by |hi|. We define 347

C1 as a segment-level combined metric family 348

based on Hoyer and TopK; due to space, the 349

main paper primarily reports Hoyer changes, 350

while full definitions and additional TopK re- 351

sults are provided in Appendix B. 352

4.2 C2: Domain-Keyword Attention 353

To measure reliance on domain signals, we 354

build a small keyword lexicon for each sub- 355

domain (e.g., math, code) and compute the 356

attention share paid to matched keyword po- 357

sitions. Concretely, from the last-layer atten- 358

tion matrix, for a query position t we sum the 359

attention mass assigned to keyword token po- 360

sitions; we then average over (relevant) posi- 361

tions and over instances to obtain the domain- 362

keyword attention share. We report two com- 363

plementary viewpoints: Prompt-last (query 364

at the last input token) and First-gen (query 365

at the first generated token), corresponding 366

to domain-information usage when “finishing 367

reading” vs. “starting to answer.” Formal def- 368

initions are in Appendix B. 369

4.3 C3: Output Stability 370

We characterize output stability with two com- 371

plementary proxies. 372

Predictive entropy (Entropy). During 373

decoding, we compute token-level softmax en- 374

tropy and average over the generated sequence; 375

for stochastic decoding, we further average 376

this quantity over the K generations to obtain 377
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Figure 1: Multi-model overview of ∆Hoyer across
Early/Middle/Late segments.

a per-instance mean entropy. Lower values in-378

dicate a more concentrated predictive distribu-379

tion.380

Semantic variation (SemVar). For K381

stochastic generations from the same prompt,382

we compute pairwise embedding similarities383

and use Var = 1 − mF1 as a variation score;384

smaller values indicate higher semantic con-385

sistency across generations. Implementation386

details (encoder choice, K, sampling settings)387

are deferred to Appendix C. In the main text,388

we analyze Entropy and SemVar trends sepa-389

rately.390

4.4 Paired Differences and Correlation391

Estimation392

Our primary analyses use instance-level paired393

differences. For a metric M and instance394

i, we define ∆Mi = Mi(m) − Mi(control)395

(e.g., ∆Hoyeri = Hoyeri(tag_correct) −396

Hoyeri(control)). Paired differences reduce397

variance from instance-specific difficulty. We398

test ∆ effects using paired t-tests or Wilcoxon399

signed-rank tests (with Benjamini–Hochberg400

FDR correction for multiple comparisons).401

Unless otherwise stated, correlations between402

∆ metrics are Pearson correlations; Spearman403

results are reported in Appendix D and are404

consistent with the main conclusions.405

5 Experimental Results406

This section presents the experimental results407

and analyses for RQ1–RQ3 in turn.408

5.1 RQ1: How Do Routing meta409

prompts Change Internal Density?410

Figure 1 reports instance-level paired dif-411

ferences in Hoyer sparsity (∆Hoyer) for412

tag_correct and instr_expert relative to413

control, as well as tag_correct relative to414

instr_expert.415

Densification vs. control. Across all 416

three models and most sub-domains, both 417

instr_expert and tag_correct yield neg- 418

ative ∆Hoyer in the Early/Middle segments 419

(typically 0.005–0.015 in magnitude), indicat- 420

ing a shift toward denser and more evenly 421

distributed activations. In contrast, effects 422

in the Late segment are markedly smaller or 423

near zero, suggesting that routing-style meta 424

prompts primarily reshape earlier semantic 425

representations rather than layers close to the 426

output head. As a sanity check, tag_placebo 427

shows ∆Hoyer close to zero, implying that pre- 428

fix length or formatting alone cannot explain 429

the densification effect (see Appendix C for full 430

statistics). 431

Expert instructions are stronger 432

than tags. Directly comparing tag_ 433

correct with instr_expert, we ob- 434

serve a consistently positive global- 435

average gap (Hoyer(tag_correct) − 436

Hoyer(instr_expert) > 0) across all 437

three models. Since larger Hoyer values 438

indicate higher sparsity, this means that 439

natural-language expert instructions induce 440

stronger densification than structured route 441

tags. This reverses the naive expectation that 442

short, formatted tags would behave as a closer 443

proxy to “true” routing signals, and instead 444

highlights the sensitivity of instruction-tuned 445

LLMs to semantically rich natural-language 446

task framing (Appendix B). 447

5.2 RQ2: How Do Routing meta 448

prompts Modulate 449

Domain-Keyword Attention? 450

We measure C2 as the last-layer attention 451

share assigned to domain-keyword tokens. We 452

estimate this share from two query viewpoints: 453

Prompt-last (query at the last input to- 454

ken) and First-gen (query at the first gen- 455

erated token). Figure 2 reports instance-level 456

paired differences ∆Attn under three contrasts 457

(tag_correct vs. control, instr_expert vs. 458

control, and tag_correct vs. instr_expert). 459

Model-specific attention strategies. 460

Llama-3.1-8B-Instruct and Qwen3-8B show 461

consistent decreases in keyword attention after 462

adding routing-style prefixes (about −0.04 in 463

Prompt-last and −0.05 ∼ −0.06 in First-gen 464

for Tag/Instr vs. control), suggesting an 465
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(a) Prompt-last. (b) First-gen.

Figure 2: Multi-model overview of ∆Attn (mean ± SEM). Negative values indicate reduced attention
share to domain keywords.

offloading-like pattern: the explicit routing466

cue partially substitutes for lexical domain467

cues when the model begins responding. In468

contrast, Mistral-7B-Instruct-v0.2 shows a469

stable increase (about +0.016 in both views),470

indicating reinforcement: the model attends471

to the routing cue and the domain keywords472

more strongly rather than trading one for the473

other. Across models, Tag and Instr typically474

have comparable magnitudes within each475

view.476

∆Attn vs. ∆C3: weak coupling. Across477

contrasts and models, changes in keyword at-478

tention provide limited explanatory power for479

output stability: correlations between ∆Attn480

and ∆C3 are small overall (at best weak-to-481

moderate for entropy in Qwen, and typically482

closer to zero for semantic variation; see Ap-483

pendix C.2). Thus, keyword attention is bet-484

ter interpreted as a task-identification covari-485

ate than as a direct driver of stability.486

5.3 RQ3: Linking Internal487

Densification to Output Stability488

RQ3 tests a core link in the Sparsity–Certainty489

Hypothesis: whether instance-level changes in490

internal density (∆C1) co-vary with changes491

in output stability (∆C3). We instantiate C1492

with prompt-segment Hoyer sparsity and mea-493

sure C3 by predictive entropy and semantic494

variation (1−mF1). For each model and each495

prefix contrast (instr_expert vs. control,496

tag_correct vs. control, and tag_correct497

vs. instr_expert), we compute Pearson cor-498

relations on paired differences; full statistical499

details are in Appendix C.3.1. Figure 3 sum-500

marizes the results.501

Model-specific coupling. Qwen shows a 502

consistent positive association between densi- 503

fication and lower entropy, with correlations 504

typically in the 0.2–0.3 range across contrasts 505

(Appendix C.3.1). In contrast, for Llama 506

and Mistral the corresponding correlations are 507

near zero across contrasts, indicating that den- 508

sification provides little predictive signal for 509

entropy changes in these models. 510

Semantic variation is weaker overall. 511

Replacing entropy with semantic variation 512

(1 − mF1) further attenuates the relationship: 513

Qwen retains only a small positive association, 514

while Llama and Mistral remain close to zero 515

(Appendix C.3.1). 516

Takeaway. The densification–stability link 517

is not a model-invariant property: it appears 518

in Qwen but largely breaks in Llama and Mis- 519

tral, suggesting that using internal density as 520

a general-purpose uncertainty proxy requires 521

model-specific calibration. 522

6 Discussion: RIDE as a Diagnostic 523

Probe Rather Than a Universal 524

Routing Law 525

Taken together, RQ1–RQ3 paint a picture that 526

is far more complex than the linear assumption 527

”routing ⇒ sparsity ⇒ stability.” Here we dis- 528

cuss the positioning and implications of RIDE 529

from three perspectives. 530

6.1 From the Sparsity–Certainty 531

Hypothesis to a Model-Specific 532

Density–Stability spectra 533

Our original motivation was to test the intu- 534

ition that “effective routing selects sparser and 535
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(a) Entropy (b) Semantic variation

Figure 3: Instance-level correlations between ∆C1 (prompt Hoyer) and ∆C3 across models and contrasts.
Positive values indicate that instances with larger decreases in Hoyer tend to also exhibit larger decreases
in the corresponding instability measure (entropy or semantic variation).

more certain pathways.” However, the experi-536

mental results show that:537

• At the density level: task-oriented meta538

prompts generally induce densification539

rather than increased sparsity;540

• At the stability level: a local541

“densification–stability coupling” is542

observed only in Qwen, while it is largely543

absent in Llama and Mistral.544

Rather than a universal “sparsity–certainty545

law,” our findings suggest that different mod-546

els form their own distinctive density–stability547

spectra under routing-style meta prompts: in548

some models, densification has a partially pos-549

itive association with stability, whereas in oth-550

ers the two factors are nearly decoupled. This551

provides an important caution against directly552

transferring internal proxies across models.553

6.2 Implications for Routing Design554

and Uncertainty Estimation555

From an engineering standpoint, our results556

suggest that:557

• Routing signals should be calibrated in558

a model-specific manner. A proxy that559

works well for one model (e.g., C1) may560

completely fail for another, or even yield561

an opposite signal.562

• Natural-language instructions can them-563

selves serve as strong routing signals. For564

instruction-tuned models without special-565

ized fine-tuning, short expert instructions566

can substantially reshape internal density567

and attention structure, opening up de-568

sign space for “prompt-level routing.”569

• Incorrect or ambiguous routing tags may 570

introduce additional instability. In the ab- 571

sence of a real router, indiscriminate use 572

of “expert tags” may inject noise into in- 573

ternal states, potentially harming stabil- 574

ity and safety. 575

In practical systems, RIDE can be used as a 576

diagnostic tool: prior to deployment, one can 577

run RIDE analyses on candidate models to de- 578

termine which internal proxies carry stable se- 579

mantics for that model, and only then consider 580

using them for routing or uncertainty estima- 581

tion. 582

6.3 Scope and Limitations of RIDE 583

RIDE offers a statistical diagnostic perspec- 584

tive that combines meta-prompt interventions 585

with internal metrics, rather than precise iden- 586

tification of causal structure. We do not ad- 587

vocate directly using C1–C3 as decision sig- 588

nals in production systems. Instead, we sug- 589

gest treating them as auxiliary tools for model 590

understanding and iterative design—for exam- 591

ple, selecting models that are better suited for 592

“prompt-level routing,” or identifying architec- 593

tures that are particularly sensitive to incor- 594

rect routing tags. 595

7 Future Directions 596

Future work can extend RIDE along several 597

directions: 598

• Extend the framework to real MoE gating 599

and multi-model routing logs, combining 600

real routing signals with meta prompts; 601

• Incorporate additional internal metrics 602

(e.g., concept activations, specific neu- 603
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rons/subspaces) to enrich the character-604

ization of density–stability dynamics;605

• Systematically evaluate the fairness and606

robustness of RIDE metrics on multi-607

lingual, multi-group, and safety-critical608

tasks;609

• Explore using RIDE as part of the610

routing-system design workflow, e.g.,611

tracking how the density–stability spectra612

evolves before and after training.613

8 Conclusion614

We propose RIDE (Route-Induced Density615

and Stability), a framework that performs616

controlled interventions on frozen instruction-617

tuned LLMs via routing-style meta prompts,618

and systematically analyzes how routing sig-619

nals affect internal density (C1), domain-620

keyword attention (C2), and output stability621

(C3). Based on large-scale experiments on622

a RouterEval subset across three open-source623

instruction-tuned models, we find that:624

• Task-oriented meta prompts consistently625

induce densification of internal represen-626

tations rather than increased sparsity;627

• Models exhibit pronounced heterogeneity628

in attention redistribution (cognitive of-629

floading vs. attention reinforcement);630

• The “densification ⇒ stability” link re-631

ceives only limited support in a subset of632

models and lacks cross-model robustness.633

Taken together, these findings suggest that634

directly treating internal density or atten-635

tion concentration as a universal “good rout-636

ing signal” or a general-purpose uncertainty637

proxy can be risky. We argue that RIDE638

is better positioned as a diagnostic probe:639

through controlled, statistical analyses, it re-640

veals model-specific density–stability spectra641

under routing-style meta prompts, providing642

fine-grained evidence for routing design, uncer-643

tainty estimation, and model selection.644

9 Limitations645

This work has several important limitations646

(which we state explicitly to clarify the scope647

of generalization):648

1. Proxy nature of routing signals and exter- 649

nal validity. We use routing-style meta 650

prompts as a textual proxy for real MoE 651

gating or multi-model router signals. This 652

proxy cannot capture routing distribu- 653

tions, logging features, or training cou- 654

plings present in real systems; therefore, 655

our conclusions primarily apply to inter- 656

vention analyses of “prompt-level routing 657

signals.” 658

2. Limited coverage of tasks and models. 659

Our experiments focus on a subset of 660

RouterEval and three mid-sized open- 661

source instruction-tuned models. Larger- 662

scale models, different alignment strate- 663

gies or specialist models, and differ- 664

ent task distributions—especially long- 665

context and tool-use settings—may ex- 666

hibit different RIDE spectra. 667

3. Dependence on metric construction and 668

decoding settings. The concrete imple- 669

mentations of C1–C3 (e.g., the exact 670

Hoyer sparsity formulation, keyword-list 671

coverage, sampling counts, and tempera- 672

ture) affect numerical scales. We provide 673

several robustness checks in the appendix, 674

but cannot exhaustively cover all configu- 675

rations; using RIDE as a system signal re- 676

quires model- and scenario-specific recali- 677

bration. 678

4. Boundaries of causal interpretation. Al- 679

though we use paired interventions and 680

control decoding and randomness, RIDE 681

remains a “causal-style” statistical com- 682

parison rather than structured causal 683

identification. We cannot fully rule out 684

the influence of unobserved confounders 685

(e.g., training history or alignment prefer- 686

ences) on the observed effects. 687

Ethical considerations 688

All experiments in this work are conducted us- 689

ing open-source models and publicly available 690

datasets, without involving user privacy or sen- 691

sitive data. The code and derived artifacts we 692

release will not contain any personally identifi- 693

able information. RIDE is primarily intended 694

as an analysis and diagnostic tool; any ap- 695

plication that uses internal proxies for safety- 696

critical decisions (e.g., filtering sensitive con- 697

8



tent, or routing decisions in medical or legal698

settings) should undergo rigorous safety evalu-699

ation and ethical review.700
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A Experimental and917

Implementation Details918

A.1 Backbone Models and919

Hyperparameter Settings920

We conduct experiments on three open-921

source, instruction-tuned decoder-only LLMs.922

Throughout the appendix, we refer to them as923

Model-A / Model-B / Model-C, corresponding924

in the main text to:925

• Model-A: Llama-3.1-8B-Instruct926

• Model-B: Mistral-7B-Instruct-v0.2927

• Model-C: Qwen3-8B928

All three models follow an autoregressive929

Transformer architecture, stacking multi-930

head self-attention and feed-forward networks.931

They are pretrained primarily on English cor-932

pora and further instruction-tuned on multi-933

task instruction data. Unless stated otherwise,934

we adopt the following common settings:935

• Frozen parameters: In all experiments,936

the backbone model parameters are fully937

frozen; interventions are applied only by938

modifying the input prefix (routing-style939

meta prompts).940

• Chat formatting: We use each model’941

s official tokenizer and chat/instruction942

formatting (system/user structure in943

chat/instruct mode), keeping the de-944

fault system/assistant role templates un-945

changed.946

• Unified decoding hyperparameters: For a947

given model, decoding hyperparameters948

are kept identical across all prefix condi-949

tions.950

• Randomness control: For the same in-951

put instance, all prefix conditions share952

the same set of random seeds, ensuring953

that observed differences are primarily at-954

tributable to the prefix itself.955

A.2 RouterEval Preprocessing and956

Sampling957

A.2.1 Constructing the RouterEval958

Training Table959

We first build a unified training/analysis ta-960

ble based on the public RouterEval dataset.961

Using a custom script, we generate a training- 962

level sample table from the original structured 963

RouterEval data. The command is as follows: 964

python build_routereval_dataset.py \ 965

--router_dataset_dir <dir_root> \ 966

--scenarios gsm8k,math,ifeval,\ 967

winogrande,mmlu \ 968

--difficulties easy,hard \ 969

--num_candidates 3,5,10 \ 970

--candidate_groups all_strong,\ 971

all_weak,strong_to_weak \ 972

--splits train \ 973

--output_csv <routereval_train_csv> 974

• scenarios cover representative settings 975

including arithmetic reasoning (gsm8k), 976

mathematics/logic (math/mmlu), format 977

compliance (ifeval), and commonsense 978

reasoning (winogrande/mmlu), among 979

others; 980

• difficulties include easy and hard, span- 981

ning different difficulty levels; 982

• The candidate configuration 983

(num_candidates, candidate_groups) 984

follows the original RouterEval settings 985

to facilitate alignment with prior routing 986

research. 987

A.2.2 Building the Domain-Specific 988

Items Table 989

On top of this, we construct an items table for 990

RIDE analysis. The command is: 991

python make_items_from_routereval.py \ 992

--input_csv <routereval_train_csv> \ 993

--output_csv <items_routereval_csv> \ 994

--domains math,ifeval,commonsense \ 995

--max_per_domain 200 \ 996

--drop_duplicates 997

• domains selects three coarse-grained do- 998

mains: Math/Code, Format/Verification 999

(IFEval), and Commonsense; 1000

• max_per_domain caps the number of 1001

samples per domain at approximately 200, 1002

balancing diversity and computational 1003

cost; 1004

• drop_duplicates removes duplicate or 1005

near-duplicate items. 1006
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The resulting <items_routereval_csv> serves1007

as a unified “analysis corpus table” across mod-1008

els and prefix conditions in subsequent exper-1009

iments, recording metadata such as the task1010

text, domain labels, and source scenarios.1011

A.2.3 Sample Filtering and Summary1012

Statistics1013

Based on the items table above, we apply1014

lightweight filtering:1015

• We remove overly long instances (exceed-1016

ing a predefined maximum token length)1017

to avoid model-dependent truncation ef-1018

fects;1019

• We remove extremely short instances1020

(fewer than a minimum number of tokens)1021

to prevent unstable estimates for metrics1022

such as C2/C3.1023

After filtering, we retain approximately 200 in-1024

stances per domain, forming a fixed analysis1025

corpus. Table A.2 reports summary statistics1026

for each domain, including the number of in-1027

stances, the average token length, and the key-1028

word matching rate. Because our focus is on1029

internal change patterns under prefix interven-1030

tions rather than generalization performance1031

on this dataset, we do not further split this1032

corpus into train/dev/test. Instead, we treat1033

it as a fixed analysis set and compare different1034

models on the same collection.1035

A.3 Router-Style Meta-Prompt1036

Templates and Tag Construction1037

A.3.1 Route Tags1038

We adopt a unified structured for-1039

mat for route tags, as follows:1040

[RouteTag=DOMAIN] where DOMAIN ∈1041

{math, code, format, commonsense}.1042

• tag_correct: uses a tag that matches1043

the instance domain (e.g., using [Route-1044

Tag=math] for a math problem);1045

• tag_wrong: uniformly samples an incor-1046

rect tag from the other domains (e.g.,1047

using [RouteTag=code] for a math in-1048

stance).1049

A.3.2 Placebo Tags1050

Placebo tags are used to control for form1051

factors—i.e., adding extra tokens in a sim-1052

ilar format—without introducing meaningful1053

semantics. We construct tags of the form: 1054

[RouteTag=XXXXX] where XXXXX is a mean- 1055

ingless string that rarely appears in the 1056

RouterEval corpus and has a length com- 1057

parable to real route tags. Semantically, 1058

tag_placebo should be approximately equiv- 1059

alent to control, differing only in surface form 1060

by the additional prefix tokens. 1061

A.3.3 Expert Prompts 1062

We design a small set of natural-language ex- 1063

pert prompt templates for different domains, 1064

for example: 1065

• Math You are a Math Expert. Please 1066

solve the problem step by step. (A Chi- 1067

nese variant is also used: “你是一名数学 1068

专家，请逐步推理并给出答案。”) 1069

• Format / IFEval You are a formatting as- 1070

sistant. Please strictly follow the required 1071

output format. 1072

• Commonsense You are a reasoning assis- 1073

tant. Please choose the most plausible op- 1074

tion and briefly explain why. 1075

In the main experiments, we use a fixed tem- 1076

plate per domain to reduce additional variance. 1077

In Appendix C, we conduct sensitivity checks 1078

with partially randomized template sets. 1079

A.3.4 Prefix Injection Location and 1080

Dialogue Structure 1081

Unless otherwise specified, all route tags and 1082

expert prompts are injected before the user 1083

prompt, e.g., [RouteTag=math] <user prompt 1084

...> or You are a Math Expert. Please solve 1085

the problem step by step. <user prompt ...> 1086

Other parts of the system/assistant roles (e.g., 1087

the system prompt and assistant prefix) are 1088

kept unchanged under each model’s default 1089

settings. Across prefix conditions, the only dif- 1090

ferences lie in the routing-style meta-prompt 1091

segment described above. 1092

A.4 Domain Keyword Lexicon 1093

(DOMAIN_KEYWORDS) 1094

The domain keyword lexicon is used to con- 1095

struct the C2 metric (domain-keyword atten- 1096

tion share). We build it as follows: 1097

1. Collecting seed keywords For each sub- 1098

domain, we manually curate a small set 1099

of seed keywords: 1100
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• Math: equation, integer, sum, proof,1101

factor1102

• Code: function, variable, class, com-1103

pile, error1104

• Format: json, table, markdown, field,1105

column1106

• Commonsense: choose, option, likely,1107

most, best).1108

These seeds aim to cover the most cen-1109

tral semantic concepts or task-triggering1110

terms in the domain.1111

2. Automatic expansion and filtering:1112

• We use an auxiliary script to auto-1113

matically expand the candidate list1114

on the RouterEval training table us-1115

ing statistics such as TF-IDF / PMI;1116

• We remove stopwords, punctuation,1117

and extremely frequent but domain-1118

agnostic words (e.g., the, is, do), and1119

normalize case and inflectional forms.1120

3. Manual screening and finalization:1121

• We perform a quick manual inspec-1122

tion of the expanded candidates and1123

discard clearly inappropriate entries;1124

• We then form the final DO-1125

MAIN_KEYWORDS dictionary1126

and save it as a JSON file for1127

downstream analysis scripts.1128

For each instance, after tokenization, we1129

match terms from DOMAIN_KEYWORDS1130

and record their token positions:1131

• When computing the domain-keyword at-1132

tention share, the target set consists of1133

these token positions;1134

• If an instance has no keyword match un-1135

der its domain, we define its domain-1136

keyword attention share as 0 (since no1137

attention mass falls on the keyword set),1138

and mark it as “missing keywords” in1139

the summary table (used to analyze the1140

signal-to-noise ratio of C2).1141

A.5 Extracting Activations and1142

Attention1143

A.5.1 Layer-Segment Partitioning1144

Suppose the model contains L Transformer1145

blocks. We evenly partition them into three1146

segments:1147

• Early: Layers 1 to ⌊L/3⌋; 1148

• Middle: Layers ⌊L/3⌋+ 1 to ⌊2L/3⌋; 1149

• Late: remaining layers. 1150

For each segment, we aggregate across in- 1151

stances and tokens (e.g., by taking the mean) 1152

to obtain segment-level metrics. 1153

A.5.2 Caching Hidden States and 1154

Attention Weights 1155

For each instance and each prefix condition, we 1156

cache the following during the forward pass: 1157

• The hidden vector at every token for every 1158

layer, h(ℓ)
t ; 1159

• Attention weights used for C2: 1160

• Prompt-last: the attention over all 1161

prompt tokens at the final step before 1162

generation begins; 1163

• First-gen: the attention from the first 1164

generated token to all prompt tokens. 1165

In practice, we enable out- 1166

put_hidden_states=True and out- 1167

put_attentions=True in the inference API, 1168

or use framework-provided hooks to write 1169

intermediate results to files (e.g., Parquet / 1170

HDF5) for offline analysis. 1171

A.5.3 Attention Normalization and 1172

Keyword-Share Computation 1173

When computing the keyword attention share, 1174

we preprocess the attention vector of each 1175

layer as follows: 1176

• We retain attention mass only over visible 1177

tokens, including system/user/prompt to- 1178

kens, while excluding padding and special 1179

tokens (e.g., BOS/EOS); 1180

• We re-normalize over the visible-token set 1181

so that the weights sum to 1; 1182

• We sum the weights over positions that 1183

match DOMAIN_KEYWORDS, yielding 1184

the layer-level keyword attention share; 1185

• We then aggregate across layer segments 1186

and instances to obtain the segment-level 1187

C2 metric. 1188
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A.6 Decoding and Output Sampling1189

(C3 Metric)1190

A.6.1 Decoding Hyperparameters1191

For experiments related to output stability, we1192

use stochastic sampling with temperature. Un-1193

less otherwise specified, we adopt the following1194

unified hyperparameters:1195

• Sampling temperature T=0.7;1196

• top-p = 0.9;1197

• No additional repetition penalty;1198

• A fixed generation length limit1199

max_new_tokens (e.g., 64).1200

These settings are applied uniformly across all1201

models and all prefix conditions.1202

A.6.2 Multi-Sample Generation1203

(Multi-sample Forward)1204

To estimate C3 (predictive entropy and seman-1205

tic variation), we generate K independent sam-1206

ples for each prompt under each prefix condi-1207

tion. In the main experiments:1208

• We use K=5 samples by default to es-1209

timate predictive entropy and semantic1210

variation;1211

• For the same instance, we reuse the same1212

sequence of random seeds across different1213

prefix conditions, ensuring that C3 differ-1214

ences are primarily attributable to prefix1215

differences rather than sampling random-1216

ness.1217

Predictive entropy is computed at the token1218

level and then averaged over the sequence. Se-1219

mantic variation is computed based on simi-1220

larities among sentence embeddings obtained1221

from multiple samples; the formal definition is1222

provided in Appendix B. Appendix C reports1223

sensitivity analyses under different K values1224

and temperatures.1225

A.6.3 Sharding and Parallel Inference1226

To improve computational efficiency, we shard1227

<items_routereval_csv> by splitting the in-1228

stances into multiple shards and run inference1229

and metric computation in parallel on a multi-1230

GPU setup. The overall workflow is:1231

• Use an auxiliary script to split the items 1232

CSV into multiple subfiles by row count 1233

(e.g., items_part0.csv, items_part1.csv, 1234

⋯); 1235

• Assign one or more shards to each GPU 1236

and run a unified inference script (which 1237

loads the model, applies prefixes, extracts 1238

hidden states and attention, and gener- 1239

ates multi-sample outputs); 1240

• Save intermediate results for each shard 1241

(e.g., MFV metrics and generated texts) 1242

as structured files, and merge them during 1243

post-processing. 1244

All shards are executed under the same config- 1245

uration, ensuring comparability across GPUs 1246

and shards. 1247

A.7 Statistical Tests and Correlation 1248

Estimation 1249

To obtain causal-style paired evidence and to 1250

avoid over-interpreting any single scalar result, 1251

we adopt the following statistical procedures: 1252

Paired difference tests 1253

• For paired metric differences (e.g., 1254

∆Hoyer, ∆Entropy, ∆KeywordShare), 1255

we use a paired t-test or the Wilcoxon 1256

signed-rank test to assess whether the 1257

differences significantly deviate from 1258

zero; 1259

• When appropriate, we report effect sizes 1260

(e.g., Cohen’s d) to reflect the practical 1261

magnitude of the differences. 1262

Correlation analysis 1263

• To quantify the linear relationship be- 1264

tween ∆C1 and ∆C3, we use the Pearson 1265

correlation coefficient; 1266

• We estimate the 95% confidence interval 1267

of Pearson r via the Fisher transforma- 1268

tion; 1269

• In Appendix B, we additionally report 1270

Spearman’s rank correlation as a robust- 1271

ness check. 1272

Multiple-comparison correction 1273
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• For the large number of tests across mod-1274

els, domains, and layer segments, we con-1275

trol the false discovery rate (FDR) us-1276

ing the Benjamini–Hochberg procedure,1277

reporting significance at a unified q-level;1278

• In the main paper, we report only con-1279

clusions with clear direction and magni-1280

tude that remain stable under multiple-1281

comparison correction, avoiding over-1282

interpretation of marginally significant re-1283

sults.1284

B Full Mathematical Definitions of1285

Metrics1286

This appendix provides the formal mathemat-1287

ical definitions of C1/C2/C3 and several aux-1288

iliary metrics used in Section 4 of the main1289

paper. Notation is kept consistent with the1290

main text.1291

B.1 Notation1292

• We denote an instance by x, and a routing1293

prefix condition by m ∈ M (e.g., control,1294

tag_correct, tag_wrong, tag_placebo,1295

instr_expert).1296

• The model has L Transformer blocks.1297

The hidden vector at layer ℓ and token1298

position t is h(ℓ)
x,t ∈ Rd.1299

• Let the generated sequence length be Tx.1300

The predictive distribution for the t-th1301

generated token under condition m is1302

p
(m)
t (v).1303

• For attention, we denote the last layer1304

by ℓ = L, and its attention vector by1305

a(L,m)
x,q , where q is the query position (e.g.,1306

prompt-last or first-gen).1307

• The set of token positions in the prompt1308

segment is Px, and the set of domain-1309

keyword positions is Kx ⊆ Px.1310

Unless otherwise stated, instance-level metrics1311

are first averaged over tokens and/or layers,1312

and then subjected to statistical analysis over1313

the set of instances.1314

B.2 C1: Activation Sparsity / Density1315

In Section 4.1 of the main paper, C1 is de-1316

scribed as a combined metric of segment-level1317

Hoyer sparsity and Top-k energy. Here we 1318

provide precise definitions of both components 1319

and explain how C1 is constructed. 1320

B.2.1 Hoyer Sparsity 1321

Given a hidden vector h ∈ Rd, the Hoyer spar- 1322

sity is defined as: 1323

Hoyer(h) =
√
d− ∥h∥1

∥h∥2√
d− 1

. 1324

where h ∈ Rd and Hoyer(h) ∈ [0, 1]. Larger 1325

values indicate higher sparsity and stronger 1326

concentration on a small subset of dimensions. 1327

For an instance x, prefix condition m, layer 1328

ℓ, and token position t, the token-level Hoyer 1329

score is: 1330

s
(ℓ,m)
x,t = Hoyer

(
h(ℓ,m)
x,t

)
. 1331

We average over a layer segment. For example, 1332

for the Early segment (layer set LEarly), we 1333

define: 1334

C1_HoyerEarly(x,m) =
1∣∣LEarly
∣∣ · |Px|

×
∑

ℓ∈LEarly

∑
t∈Px

s
(ℓ,m)
x,t .

1335

The Middle and Late segments are defined 1336

analogously. For the first-generated-token 1337

variant (C1-firstgen), we replace Px with the 1338

token position corresponding to the first gen- 1339

erated token. The “Hoyer part of C1” in the 1340

main paper refers to this type of segment-level 1341

aggregation. 1342

B.2.2 Top-k Energy Ratio 1343

Let |h(1)| ≥ · · · ≥ |h(d)| denote the components 1344

of h ∈ Rd sorted by absolute value. The Top-k 1345

energy ratio is defined as: 1346

TopK(h) =
∑k

i=1 h
2
(i)∑d

i=1 h
2
i

, k = ⌊αd⌋, 1347

with α = 0.1 by default. 1348

In our setting, decreases in Hoyer (densifica- 1349

tion) are typically accompanied by decreases 1350

in the Top-k energy ratio, indicating that en- 1351

ergy is more evenly distributed across a larger 1352

number of dimensions. 1353

Similarly, we define the token-level 1354

TopK(ℓ,m)
x,t and average over layer segments 1355
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and prompt-token positions. For example, for1356

the Early segment:1357

C1_TopKEarly(x,m) =
(∣∣LEarly

∣∣ |Px|
)−1

×
∑

ℓ∈LEarly

∑
t∈Px

TopK(ℓ,m)
x,t .

1358

B.2.3 Combining C1 and Paired1359

Differences1360

Combining C1. We treat C1 as a com-1361

bined metric consisting of two components,1362

C1_Hoyer and C1_TopK:1363

• In Sections 4.1–5.1 of the main paper, al-1364

most all figures and conclusions are based1365

on C1_Hoyer.1366

• C1_TopK and its relationship with1367

Hoyer are reported in supplementary fig-1368

ures/tables in Appendix C, mainly to ver-1369

ify that “densification” is not an artifact1370

caused by extreme amplification of only a1371

few dimensions.1372

Paired differences. At the instance level, we1373

focus on paired differences between a given pre-1374

fix condition and the control. For an instance1375

x, the Hoyer difference between tag_correct1376

and control is defined (consistent with Sec-1377

tion 4.4) as:1378

∆Hoyerx = C1_Hoyer
(
x, tag_correct

)
−C1_Hoyer

(
x, control

)
.1379

In implementation, ∆C1 corresponds to the1380

combination of ∆Hoyer and ∆TopK (we1381

report one or both depending on the fig-1382

ure/table). In the main paper, “densification”1383

typically refers to the case ∆Hoyerx < 0.1384

B.3 Auxiliary Metrics for1385

Activation-Distribution Shape1386

To characterize activation distributions in a1387

more fine-grained manner, we additionally1388

compute the following metrics for each token-1389

level vector h ∈ Rd:1390

• Gini coefficient: computed from the se-1391

quence
(
|hi|

)d
i=1

using the standard defi-1392

nition, measuring inequality in energy al-1393

location across dimensions;1394

• Kurtosis: quantifies whether the distri-1395

bution exhibits sharp peaks and heavy1396

tails;1397

• Positive ratio: 1398

PosRatio(h) = 1

d

d∑
i=1

1[hi > 0] , 1399

capturing the sign pattern of activations. 1400

These metrics can likewise be averaged over 1401

layer segments and used to form paired differ- 1402

ences, but they are only used for robustness 1403

checks in Appendix C and are not treated as 1404

primary evidence for the main-paper conclu- 1405

sions. 1406

B.4 Cross-Layer Energy 1407

Concentration (Layer-Energy 1408

Gini) 1409

To examine whether meta prompts alter the 1410

allocation of “computational load” across lay- 1411

ers, we define a cross-layer energy Gini metric 1412

as follows. At a key position in the target se- 1413

quence (e.g., prompt-last or first-gen), we com- 1414

pute the ℓ-th layer’s ℓ2 energy: 1415

Eℓ(x,m) =
∥∥∥h(ℓ)

x,t⋆,m

∥∥∥2
2
, ℓ = 1, . . . , L, 1416

where t⋆ denotes the token position of interest. 1417

We then normalize the energies across lay- 1418

ers: 1419

Ẽℓ(x,m) =
Eℓ(x,m)∑L

ℓ′=1Eℓ′(x,m)
. 1420

Treating {Ẽℓ(x,m)}Lℓ=1 as a one- 1421

dimensional discrete distribution, we compute 1422

its Gini coefficient, denoted as Ginilayer(x,m). 1423

Larger values indicate that energy is highly 1424

concentrated in a small subset of layers, 1425

whereas smaller values indicate a more even 1426

distribution across layers. This metric is used 1427

for supplementary analyses in Appendix C 1428

but is not directly referenced in the main 1429

paper. 1430

B.5 C2: Domain-Keyword Attention 1431

Section 4.2 of the main paper defines C2 as 1432

the attention share to domain keywords in 1433

the last layer, estimated from two viewpoints: 1434

Prompt-last and First-gen. This section 1435

presents the formal definition. 1436

Let Px denote the set of prompt-token posi- 1437

tions for an instance x, and let Kx ⊆ Px denote 1438

the subset of positions matched by domain key- 1439

words. Under prefix condition m, we denote 1440
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the attention vector at the last layer (ℓ = L)1441

for a query position q by a(L,m)
x,q ∈ R|Px|, where1442

the element a
(L,m)
x,q,t is the attention weight as-1443

signed to position t.1444

We first renormalize attention over the set1445

of visible tokens Vx ⊆ Px such that1446 ∑
t∈Vx

a
(L,m)
x,q,t = 1.1447

The domain-keyword attention share at query1448

position q is then defined as1449

C2(x,m, q) =
∑
t∈Kx

a
(L,m)
x,q,t .1450

In the main paper, we consider two query1451

viewpoints:1452

• Prompt-last: set q = qpromptlast as the1453

last input-token position, corresponding1454

to the state after “reading the question”;1455

• First-gen: set q = qfirstgen as the first1456

generated-token position, corresponding1457

to the state when “starting to answer”.1458

For each viewpoint, we average over in-1459

stances:1460

C2PromptLast(m) =
1

|X|
∑
x∈X

C2(x,m, qpromptlast),1461

and analogously for the First-gen variant.1462

At the instance level, paired differences fol-1463

low the ∆ notation in Section 4.4. For exam-1464

ple,1465

∆C2PromptLast
x = C2(x,m, qpromptlast)−C2(x, control, qpromptlast).1466

A positive ∆C2 indicates that prefix m in-1467

creases the attention share to domain key-1468

words relative to the control.1469

Note. In some figures/tables in Appendix C,1470

we further extend C2 to Early/Middle/Late1471

segments by averaging attention across multi-1472

ple layers. However, the core results shown in1473

Sections 4.2–5.2 of the main paper are based1474

on the last-layer definition above.1475

If an instance has no keyword matches in1476

its domain (Kx = ∅), we define C2(x,m, q) =1477

0 and track the proportion of such “missing-1478

keyword” instances separately in the summary1479

tables.1480

B.6 C3: Output Stability 1481

Section 4.3 of the main paper defines C3 as 1482

a pair of measures: predictive entropy and se- 1483

mantic variation. This section provides the 1484

formal definitions. 1485

B.6.1 Predictive Entropy 1486

For an instance x under a prefix condition m, 1487

let p
(m)
t (v) denote the predictive distribution 1488

over vocabulary items v for the t-th generated 1489

token. The token-level predictive entropy is 1490

Ht(x,m) = −
∑
v

p
(m)
t (v) log p(m)

t (v). 1491

Let Tx be the generated sequence length. The 1492

sequence-level average entropy is 1493

H̄(x,m) =
1

Tx

Tx∑
t=1

Ht(x,m). 1494

We use H̄(x,m) as the first C3 measure: lower 1495

values indicate a more concentrated predictive 1496

distribution and hence higher confidence. 1497

At the instance level, we define the paired 1498

difference 1499

∆Entropyx = H̄(x,m)− H̄(x, control), 1500

where m can be a prefix condition such 1501

as tag_correct or instr_expert. The 1502

∆Entropy reported in Section 5.3 refers to this 1503

quantity. 1504

Note. In implementation, we compute 1505

p
(m)
t (v) directly from a single forward-pass 1506

softmax. Alternatively, one may average dis- 1507

tributions over multiple samples; the qualita- 1508

tive conclusions remain essentially the same. 1509

B.6.2 Semantic Variation 1510

Semantic variation is computed via repeated 1511

sampling and sentence-embedding similar- 1512

ity. For the same prompt-condition pair 1513

(x,m), we generate K independent outputs 1514

y(1)(x,m), . . . , y(K)(x,m) and encode them us- 1515

ing a fixed sentence encoder f(·): 1516

e(k)(x,m) = f
(
y(k)(x,m)

)
, k = 1, . . . ,K. 1517

We then compute all pairwise cosine similari- 1518

ties 1519

skℓ(x,m) =
e(k)(x,m) · e(ℓ)(x,m)

∥e(k)(x,m)∥ ∥e(ℓ)(x,m)∥
1 ≤ k < ℓ ≤ K.

1520
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We treat the average pairwise similarity as1521

a proxy for semantic F1 (mF1):1522

mF1(x,m) =
2

K(K − 1)

∑
1≤k<ℓ≤K

skℓ(x,m).1523

Semantic variation is then defined as1524

Var(x,m) = 1− mF1(x,m).1525

Smaller Var(x,m) indicates that multiple gen-1526

erations are closer in semantic space and thus1527

more stable. The paired difference is1528

∆Varx = Var(x,m)− Var(x, control).1529

Following Section 4.3, concrete choices of1530

the encoder, the sampling count K, and other1531

hyperparameters are deferred to Appendix C.1532

In this paper, C3 = {Entropy, Var}, and we1533

analyze ∆Entropy and ∆Var separately.1534

B.7 Commonsense Confidence Margin1535

(Optional Analysis)1536

For multiple-choice commonsense tasks, let1537

C denote the set of answer options, and let1538

cgold ∈ C be the correct option. We define the1539

average probability of an option c as1540

p̄(c;x,m) =
1

Gx

∑
t∈Gx

p
(m)
t (c),1541

where p
(m)
t (c) is the probability assigned to1542

choosing option c at position t (the exact scor-1543

ing procedure is described in Appendix C),1544

and Gx denotes the set of positions used for1545

option scoring.1546

We define the confidence margin as1547

∆conf(x,m) = p̄(cgold;x,m) − max
c∈C

c ̸=cgold

p̄(c;x,m).1548

Larger ∆conf(x,m) indicates a stronger con-1549

fidence advantage for the correct option and1550

hence lower uncertainty. In Appendix C.5, we1551

use this quantity as an auxiliary metric and an-1552

alyze it alongside the two primary C3 metrics1553

(Entropy and Var), without separately elabo-1554

rating it in the main text.1555

With these definitions, all terms appear-1556

ing in Sections 4.1–4.4 of the main paper—1557

such as C1/C2/C3, ∆Hoyer, Prompt-last, and1558

First-gen—have precise counterparts in this1559

appendix, and this section can be directly in-1560

cluded in Appendix B.1561
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Model ∆Hoyer Tag–Ctrl ∆Hoyer Instr–Ctrl ∆Hoyer Tag–Instr
Llama-3.1-8B-Instruct −0.015± 0.001 −0.016± 0.001 +0.001± 0.000
Mistral-7B-Instruct-v0.2 −0.016± 0.001 −0.017± 0.001 +0.000± 0.000
Qwen3-8B −0.005± 0.000 −0.003± 0.000 −0.002± 0.000

Table 1: Early segment: mean ± SEM of ∆Hoyer under three contrasts.

Model ∆Hoyer Tag–Ctrl ∆Hoyer Instr–Ctrl ∆Hoyer Tag–Instr
Llama-3.1-8B-Instruct −0.014± 0.001 −0.015± 0.001 +0.000± 0.000
Mistral-7B-Instruct-v0.2 −0.012± 0.001 −0.015± 0.001 +0.003± 0.000
Qwen3-8B −0.007± 0.001 −0.009± 0.001 +0.002± 0.000

Table 2: Middle segment: mean ± SEM of ∆Hoyer under three contrasts.

C Supplementary Experimental1562

Results1563

This appendix summarizes detailed sta-1564

tistical results based on real experimen-1565

tal data (from routereval_rq1_multimodel,1566

rq2_multimodel, and rq3_multimodel).1567

C.1 Densification Results by Model1568

and Layer Segment (RQ1)1569

Tables 1–3 report changes in Hoyer sparsity1570

(∆Hoyer) for each model across layer segments.1571

Values are reported as mean ± standard error1572

of the mean (SEM). Negative values indicate1573

densification (lower sparsity).1574

Interpretation note. For the contrast Tag–1575

Instr, a positive value means Hoyer(Tag) >1576

Hoyer(Instr), i.e., expert instructions induce1577

stronger densification than tags.1578

C.2 Domain-Keyword Attention1579

(RQ2)1580

C.2.1 RQ2 Statistical Details1581

For RQ2, we compute instance-level paired1582

differences in the domain-keyword atten-1583

tion share, ∆Attn = Attn(condition) −1584

Attn(control), under two query viewpoints1585

(Prompt-last and First-gen). Tables 4–5 sum-1586

marize these effects as mean ± standard error1587

of the mean (SEM). When the text describes1588

an effect as statistically significant, it is based1589

on paired t-tests of ∆Attn against zero with1590

Benjamini–Hochberg FDR control within each1591

viewpoint/table family (test statistics and ad-1592

justed p-values are omitted from the tables for1593

space).1594

To relate attention changes to output stabil-1595

ity, we compute instance-level Pearson corre-1596

lations between ∆Attn and ∆C3 metrics; Ta- 1597

ble 6 reports Pearson’s r with two-sided p- 1598

values. 1599

C.2.2 ∆Attn from the Prompt-last 1600

View 1601

Table 4 reports paired differences in the 1602

domain-keyword attention share under the 1603

Prompt-last view (∆Attn = condition − 1604

control). Negative values indicate a reduced 1605

attention share to domain keywords under the 1606

condition, whereas positive values indicate an 1607

increased share. Values are reported as mean 1608

± standard error of the mean (SEM). 1609

C.2.3 ∆Attn from the First-gen View 1610

Table 5 reports paired differences in the 1611

domain-keyword attention share under the 1612

First-gen view (i.e., at the first generated to- 1613

ken), defined in the same way as Table 4. 1614

We observe that: 1615

• For Llama and Qwen, ∆Attn is signif- 1616

icantly negative under both views (re- 1617

duced reliance on keywords), roughly con- 1618

sistent with “cognitive offloading.” 1619

• For Mistral, ∆Attn is significantly posi- 1620

tive under both views (increased reliance 1621

on keywords; “attention reinforcement”), 1622

with a slightly larger magnitude under In- 1623

str than Tag. 1624

C.2.4 Correlation Between ∆Attn and 1625

Delta Entropy 1626

Table 6 reports the instance-level Pear- 1627

son correlation coefficient between First- 1628

gen ∆Attn and ∆Entropy under the 1629

instr_expert vs. control contrast. Here, 1630

∆Attn uses attn_domain_share_firstgen_ 1631
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Model ∆Hoyer Tag–Ctrl ∆Hoyer Instr–Ctrl ∆Hoyer Tag–Instr
Llama-3.1-8B-Instruct −0.008± 0.000 −0.012± 0.000 +0.004± 0.000
Mistral-7B-Instruct-v0.2 −0.002± 0.000 −0.015± 0.000 +0.013± 0.000
Qwen3-8B −0.001± 0.000 −0.007± 0.001 +0.006± 0.000

Table 3: Global segment: mean ± SEM of instance-level paired differences in ∆Hoyer under three
contrasts.

Model ∆Attn Tag–Ctrl (Mean ± SEM) ∆Attn Instr–Ctrl (Mean ± SEM)
Llama-3.1-8B-Instruct −0.0389± 0.0031 −0.0371± 0.0030
Mistral-7B-Instruct-v0.2 +0.0154± 0.0005 +0.0164± 0.0005
Qwen3-8B −0.0409± 0.0032 −0.0396± 0.0031

Table 4: Mean ± SEM of ∆Attn under Tag–Ctrl and Instr–Ctrl across three models (Prompt-last view).

delta_instrexpert_vs_control, and1632

∆Entropy uses gen_mean_entropy_delta_1633

instrexpert_vs_control.1634

Brief interpretation:1635

• Qwen shows the highest correlation (r ≈1636

0.23), suggesting a relatively stronger link-1637

age between keyword-attention changes1638

and entropy changes in this model.1639

• Llama exhibits a moderate-to-weak posi-1640

tive correlation (r ≈ 0.12).1641

• Mistral shows a significant negative corre-1642

lation, consistent with its “attention rein-1643

forcement” pattern accompanied by lim-1644

ited gains in stability.1645

C.3 Correlations Between C1 and C31646

(RQ3)1647

Notation.1648

• C1: c1_prompt_hoyer_mean (paired1649

difference in Hoyer sparsity over the1650

prompt segment).1651

• C3-Entropy: paired difference of1652

gen_mean_entropy.1653

• C3-SemVar: paired difference of1654

semantic_variation_1mF1.1655

• Instr vs. Ctrl:1656

instrexpert_vs_control.1657

• Tag vs. Ctrl: tagcorrect_vs_control.1658

• Tag vs. Instr:1659

tagcorrect_vs_instrexpert.1660

• Significance markers appended to 1661

correlation coefficients: ∗p < 0.05, 1662
∗∗p < 0.01, ∗∗∗p < 0.001, and ns for not 1663

significant. 1664

C.3.1 RQ3 Statistical Details 1665

We report Pearson correlations between paired 1666

differences ∆C1 (prompt Hoyer) and ∆C3 (en- 1667

tropy or semantic variation) for each model 1668

and prefix contrast. Two-sided p-values are 1669

computed per correlation; multiple compar- 1670

isons are controlled with Benjamini–Hochberg 1671

correction within each table family. Full re- 1672

sults are in Tables 7– 8. 1673

C.3.2 Correlation Between C1 and 1674

C3-Entropy 1675

Table 7 reports Pearson correlation coeffi- 1676

cients between C1 (∆Hoyer) and C3-Entropy 1677

(∆Entropy). 1678

Rounding. Values correspond to pearson_r in 1679

the CSV; e.g., for Qwen3-8B under Instr vs. 1680

Ctrl, r = 0.308859 rounds to 0.309. 1681

C.3.3 Correlation Between C1 and 1682

C3-SemVar 1683

Table 8 reports Pearson correlation coefficients 1684

between C1 (∆Hoyer) and C3-SemVar (∆Var, 1685

i.e., semantic_variation_1mF1). 1686

D Reproducibility and Resource 1687

Consumption 1688

D.1 Hardware and Runtime 1689

• All experiments are conducted on multi- 1690

ple high-memory GPUs (8×A100). We 1691

disable gradient computation and only 1692

perform forward inference with activa- 1693

tion/attention caching; 1694
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Model ∆Attn Tag–Ctrl (Mean ± SEM) ∆Attn Instr–Ctrl (Mean ± SEM)
Llama-3.1-8B-Instruct −0.0592± 0.0045 −0.0599± 0.0046
Mistral-7B-Instruct-v0.2 +0.0158± 0.0004 +0.0175± 0.0005
Qwen3-8B −0.0493± 0.0039 −0.0480± 0.0038

Table 5: Mean ± SEM of ∆Attn under Tag–Ctrl and Instr–Ctrl across three models (First-gen view).
Negative values indicate reduced domain-keyword attention share relative to control.

Model r(∆Attn, ∆Entropy) p-value

Llama-3.1-8B-Instruct 0.117 1.3× 10−10

Mistral-7B-Instruct-v0.2 −0.072 7.8× 10−5

Qwen3-8B 0.229 5.4× 10−37

Table 6: Pearson correlation between ∆Attn and ∆Entropy (instance-level), with corresponding p-values.

• For a single model, running MFV and ex-1695

tracting the metrics on the RouterEval1696

subset used in this paper takes on the or-1697

der of several hours, mainly depending on1698

the model size and the number of stochas-1699

tic generations (K);1700

• The analysis scripts (C1–C3 computation1701

and statistical tests) are primarily bottle-1702

necked by I/O and aggregation, and typ-1703

ically take less time than forward infer-1704

ence.1705

D.2 Randomness and Reproducibility1706

• All stochastic components (instance1707

shuffling, incorrect-tag sampling, and1708

decoding-time sampling) use fixed1709

random seeds;1710

• For stochastic metrics such as semantic1711

variation, we report the variance across1712

repeated runs in the appendix;1713

• When supported by the framework, we en-1714

able deterministic options as much as pos-1715

sible to reduce the impact of numerical1716

nondeterminism on the results.1717

D.3 Code and Data Release Plan1718

During the anonymous review phase, we do1719

not disclose the repository URL. If the paper1720

is accepted, we plan to:1721

• Release the RouterEval preprocessing1722

scripts and the routing-style meta-prompt1723

templates;1724

• Release the code for C1–C3 computation1725

and statistical analysis, including MFV1726

scripts for multi-GPU parallelization;1727

• Provide configuration files and command- 1728

line examples to facilitate reproducing ex- 1729

periments and figures; 1730

• Provide, within licensing constraints, the 1731

indices or hashes of the RouterEval subset 1732

used, enabling other researchers to com- 1733

pare results on the same set of instances. 1734

E Extended Ethics Discussion 1735

When deploying a similar analysis framework 1736

in real-world systems, the following ethical and 1737

safety considerations should be taken into ac- 1738

count: 1739

1. Potential manipulation risks A finer- 1740

grained understanding of how routing 1741

signals relate to internal representations 1742

could be misused to more precisely steer 1743

model behavior or to circumvent safety 1744

mechanisms. Our work is intended 1745

for diagnosis and robustness analysis; 1746

we do not endorse any application of 1747

RIDE or related techniques for deceptive, 1748

surveillance-oriented, or otherwise harm- 1749

ful purposes. 1750

2. Bias and unfair routing If “densification– 1751

stability” signals are directly used as rout- 1752

ing cues or as proxies for uncertainty, they 1753

may exhibit systematic differences across 1754

languages, demographic groups, or top- 1755

ics, thereby amplifying biases present in 1756

the training data. Future work should 1757

evaluate the fairness properties of RIDE 1758

metrics on multilingual and multi-group 1759

datasets. 1760
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Model r (Instr vs. Ctrl) r (Tag vs. Ctrl) r (Tag vs. Instr)
Llama-3.1-8B-Instruct 0.141∗∗∗ 0.013ns 0.105∗∗∗

Mistral-7B-Instruct-v0.2 0.191∗∗∗ 0.043∗ 0.150∗∗∗

Qwen3-8B 0.309∗∗∗ 0.204∗∗∗ 0.139∗∗∗

Table 7: Pearson correlations between C1 (∆Hoyer) and C3-Entropy (∆Entropy) under three contrasts.
Superscripts indicate significance: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, and ns not significant.

Model Instr–Ctrl Tag–Ctrl Tag–Instr

Llama-3.1-8B-Instruct 0.067∗∗∗ −0.027ns 0.037∗

Mistral-7B-Instruct-v0.2 0.142∗∗∗ 0.128∗∗∗ 0.177∗∗∗

Qwen3-8B 0.023ns 0.072∗∗∗ 0.017ns

Table 8: Pearson r between C1 (∆Hoyer) and C3-
SemVar (∆Var). Superscripts: ∗∗∗p < 0.001, ∗∗p <
0.01, ∗p < 0.05, ns not significant.

3. Privacy and data usage This paper uses1761

only public benchmarks and open-source1762

models, without involving real user data.1763

If future work extends the framework to1764

real routing logs or production data, strict1765

anonymization should be applied, and rel-1766

evant privacy regulations and platform1767

policies must be followed.1768

4. Cautious claims about “interpretability”1769

We emphasize that RIDE provides a sta-1770

tistical lens for interpretation rather than1771

a strict causal characterization of underly-1772

ing mechanisms. In external communica-1773

tion or system documentation, it should1774

not be presented as a “fully interpretable”1775

solution; instead, its role as an analysis1776

tool and auxiliary signal should be stated1777

explicitly.1778
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