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Abstract001

We study context compression for multi-hop002
question answering with small language mod-003
els. We propose Telegraph English, a read-004
able symbolic format that rewrites retrieved005
passages into structured entity-relation state-006
ments, preserving reasoning evidence at lower007
token cost. In controlled experiments on008
MuSiQue, 2Wiki, and HotpotQA, Telegraph009
English outperforms three matched-budget010
compression baselines (character-level dele-011
tion, truncation, and random subsampling) on012
every dataset, with gains of 13 to 20 F1 points.013
It also outperforms a coherent prose summary014
produced by the same encoder on the hardest015
dataset. A pre-registered depth-interaction hy-016
pothesis is null: the advantage does not grow017
with reasoning depth within datasets. We in-018
terpret these results as evidence that readable019
symbolic re-expression preserves entity con-020
tent more densely than either natural language021
or coherent summarization at matched token022
budget.023

1 Introduction024

Small language models face a tension on025

multi-hop question answering: retrieved natural-026

language (NL) context is expensive in tokens and027

error-prone in long passages, while short retrieval028

discards the bridge entities a reader needs for029

multi-step reasoning. Prior context-compression030

work attacks this tension through token-level scor-031

ing (Jiang et al., 2023; Pan et al., 2024), hidden-032

state summarisation (Mu et al., 2023; Chevalier033

et al., 2023), or task-aware abstractive summarisa-034

tion (Xu et al., 2024), but each commits to selec-035

tive retention or latent-space summary rather than036

re-expression in surface text.037

We study a different move. A small encoder038

rewrites the retrieved NL passage into a readable,039

rule-governed symbolic format we call Telegraph040

English (TE), and a small consumer reads TE in041

place of NL. TE preserves entities verbatim and042

replaces connective NL tissue with pipe-separated 043

symbolic operators. The encoder prompt is fixed 044

and the encoder is frozen; the consumer needs no 045

fine-tuning. 046

Across three multi-hop benchmarks (MuSiQue, 047

2Wiki, HotpotQA), TE outperforms three 048

matched-budget controls—character-level den- 049

sity matching, end-truncation, and random 050

subsampling—on every dataset and every control, 051

with paired-bootstrap 95% confidence intervals 052

strictly positive and gains of +13.6 to +20.2 F1 053

points (Fig. 1). TE also outperforms a coherent 054

prose summary produced by the same encoder 055

at the same token budget on the hardest dataset 056

(MuSiQue, +11.94 pp). The matched-budget con- 057

trols rule out character-density manipulation, NL- 058

tail dispensability, and random-token sufficiency 059

as alternative explanations for TE’s advantage. 060

We pre-registered a stronger depth-interaction 061

hypothesis: that TE’s advantage over NL would 062

grow with the reasoning depth of the question. 063

This hypothesis is null. All four within-dataset 064

interaction slopes are direction-consistent with 065

the prediction but none is statistically signifi- 066

cant (FDR-corrected p > 0.41, I2 = 0%). A 067

minimum-detectable- effect-size analysis bounds 068

the design to ruling out widenings of roughly 4–5 069

F1 points across the hop-2-to-hop-4 range; weaker 070

effects cannot be distinguished from zero at our 071

sample size. 072

Contributions. 073

• A matched-budget compression mechanism 074

for multi-hop QA: at the same token budget, 075

TE beats three trivial-compression controls 076

and a coherent-prose summariser, supporting 077

the reading that TE compresses where natural 078

language carries redundancy. 079

• A pre-registered null on depth-dependent 080

widening, paired with a minimum-detectable- 081
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effect-size analysis that bounds the scope of082

the matched-budget gains to constant offsets083

rather than depth-scaling advantage.084

2 Related Work085

Context compression for language models has086

emerged as a response to the growing cost of long087

retrieval-augmented contexts. Our contribution088

differs from prior work in mechanism: TE is a089

surface-text re-expression produced by a frozen090

encoder with a fixed prompt, read by a frozen con-091

sumer. We organise prior work into four families092

and contrast TE with each.093

Token-level scoring. LLMLingua (Jiang et al.,094

2023) and LLMLingua-2 (Pan et al., 2024) score095

individual tokens for retention or deletion via a096

small model trained on information-preservation097

proxies. LongLLMLingua (Jiang et al., 2024) ex-098

tends scoring to document-level saliency. Our099

primary baseline of this family is LLMLingua-2100

at rate-50. The mechanism is selective retention:101

the output is a subsequence of the input. TE’s102

mechanism is re-expression: the encoder rewrites103

content into an entity-preserving format in which104

bridge entities are kept verbatim and connective105

tissue is replaced by symbolic operators. Token-106

level scoring cannot produce that reformatting at107

matched budget.108

Hidden-state compression. GIST (Mu et al.,109

2023) compresses context into soft tokens at the110

hidden-state layer. AutoCompressor (Chevalier111

et al., 2023) compresses long contexts into sum-112

mary vectors. CEPE (Yen et al., 2024) extends113

cross-attention to a compressed summary of re-114

trieved passages. All three operate in the con-115

sumer’s latent space and require consumer-side116

training. TE operates in surface text and needs117

no consumer-side training—a practical distinction118

for small-model deployment where consumer-side119

retraining is costly and auditability matters.120

Task-aware abstractive summarisation. RE-121

COMP (Xu et al., 2024) compresses retrieved pas-122

sages via a learned abstractive summariser fine-123

tuned on the downstream QA task. CompAct124

(Yoon et al., 2024) uses a task-conditioned encoder125

tuned on QA supervision. The encoder’s output126

is natural language and the encoder is fine-tuned127

on the task. TE’s encoder is task-agnostic, runs a128

frozen prompt, and produces symbolic-structural129

output. The contrast is again mechanism rather 130

than ratio. 131

Symbolic intermediates for reasoning. Prior 132

work has used symbolic intermediates in the 133

forward direction: chain-of-thought (Wei et al., 134

2022), program-aided language models (Gao et al., 135

2023), structured scratchpads (Nye et al., 2021), 136

where the consumer produces symbolic output. 137

We use a symbolic intermediate in the input di- 138

rection: the consumer reads symbolic context in 139

lieu of NL prose. To our knowledge, TE is the 140

first tokenizer-aware, encoder-produced, readable- 141

symbolic context-compression baseline evaluated 142

as a matched-budget alternative to NL on multi- 143

hop QA. 144

Positioning. TE is re-expression, not retention 145

or latent compression. The matched- budget 146

controls in this paper isolate the re-expression 147

mechanism from three trivial alternatives, and the 148

coherent-prose comparator further isolates it from 149

generic abstractive summarisation at the same bud- 150

get. 151

3 Method 152

3.1 Telegraph English 153

Telegraph English (TE) is a context representation 154

produced by an encoder language model (Claude 155

Sonnet 4.6 via AWS Bedrock batch inference) 156

with a fixed, task-agnostic prompt. The encoder 157

rewrites the retrieved NL passage into a sequence 158

of pipe-separated symbolic clauses in which en- 159

tities are preserved verbatim and connective NL 160

tissue is replaced by short @-prefixed operators. 161

The prompt instructs output that is compatible 162

with the consumer model’s tokenizer (Qwen-3.5- 163

9B) so that token budget at the consumer matches 164

what is written. A representative pre/post pair 165

from MuSiQue: 166

NL: “Barack Obama was born in 167
Honolulu, Hawaii. Honolulu 168
is the capital of the state of 169
Hawaii. Hawaii is a state in 170
the United States.” 171
TE: “Barack Obama @born 172
Honolulu | Honolulu @capital_of 173
Hawaii | Hawaii @state_in 174
United States.” 175

The full encoder prompt and additional exam- 176

ples are in Appendix C. 177
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3.2 Primary hypothesis: depth interaction178

We pre-registered (Appendix H) a primary hypoth-179

esis that TE’s advantage over NL grows with the180

reasoning depth of the question. Operationally,181

we model question-level correctness as a func-182

tion of representation (NL, TE, or LLMLingua-2),183

centered hop count, and their interaction, fit per184

dataset as a binomial generalised linear model185

with cluster-robust standard errors by question.186

The primary test is the sign and significance of the187

representation × hop_count interaction188

for TE: a negative slope means TE’s edge over NL189

grows with hop count. We pool per-dataset slopes190

across MuSiQue and 2Wiki by random- effects191

meta-analysis and apply false-discovery-rate cor-192

rection across the primary interaction family. Hot-193

potQA is excluded from the regression because all194

its questions are 2-hop. Full estimating equations,195

the heterogeneity branch rule, and the random-196

effects specification are in Appendix A.197

3.3 Auxiliary mechanism: matched-budget198

controls199

We separately pre-registered an auxiliary mech-200

anism observation (Appendix H): TE performs201

semantic-preserving compression only where nat-202

ural language carries redundancy to strip. The203

test is whether TE outperforms three trivial-204

compression controls at matched per-row token205

budget. Each control is computed against TE’s206

per-row qwen-token count and rules out a specific207

alternative explanation:208

• Character-density. The NL passage is209

rescaled at the character level so that its210

qwen-token footprint matches TE’s. Rules211

out the hypothesis that TE’s gain comes from212

per-row character-density manipulation.213

• End-truncation. The NL passage is trun-214

cated from the end at the qwen-token bound-215

ary so it has TE’s per-row token count. Rules216

out the hypothesis that the NL tail is dispens-217

able.218

• Random subsampling. A fixed-seed uni-219

form subsample of qwen-token positions is220

drawn from the NL passage, sized to TE’s221

budget. Rules out the hypothesis that any222

random subset of NL tokens would suffice.223

The direction of the controls is pre-registered224

(TE should beat all three); the descriptive “9 of225

9 confidence intervals strictly positive” summary 226

is post-hoc. Full per-row specifications are in Ap- 227

pendix D. 228

3.4 Coherent-prose comparator 229

A natural follow-up question is whether TE’s ad- 230

vantage holds against a coherent-prose summary 231

at the same budget rather than against trivial con- 232

trols. We run the same encoder under a free- 233

prose summary prompt and post-truncate each 234

summary to TE’s per-row token budget. This 235

matched-budget contrast isolates representation 236

format from compression ratio: encoder, con- 237

sumer, and budget are held fixed; only the surface 238

form of the compressed passage changes. 239

4 Experimental Setup 240

4.1 Datasets and consumer model 241

We evaluate on three multi-hop QA benchmarks 242

with distinct depth profiles: MuSiQue (Trivedi 243

et al., 2022) (n = 2,417 questions; hops ∈ 244

{2, 3, 4}), 2Wiki (Ho et al., 2020) (n = 1,500; 245

balanced 500 per hop level), and HotpotQA (Yang 246

et al., 2018) (n = 1,000; all 2-hop). The con- 247

sumer is Qwen-3.5-9B (base model; HF eager 248

bf16, greedy decoding) throughout. The encoder 249

for TE is Claude Sonnet 4.6 via AWS Bedrock 250

batch inference. Retrieved passages are the gold- 251

plus-distractor contexts released with each bench- 252

mark; NL, TE, and LLMLingua-2 all read the 253

same passage set per question. 254

4.2 Prompt and answer extraction 255

All representations share a single neutral con- 256

sumer prompt (Appendix B). The answer is ex- 257

tracted from the consumer’s final-line output by 258

regex and evaluated against the gold answer with 259

token-level F1, with binary correctness at F1 ≥ 260

0.5. 261

4.3 Baselines 262

• NL. Full retrieved passages, unmodified. The 263

standard no-compression baseline. 264

• LLMLingua-2 at rate-50 (Pan et al., 2024). 265

The primary learned-token-scoring baseline. 266

• Three matched-budget controls (character- 267

density, end-truncation, random subsam- 268

pling), each sized to TE’s per-row qwen- 269

token count. Defined in §3.3 and Ap- 270

pendix D. 271
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• Coherent-prose summary produced by the272

same encoder and post-truncated to TE’s per-273

row token budget (§3.4).274

4.4 Statistical protocol275

We use paired-bootstrap 95% confidence inter-276

vals over questions (nboot = 10,000, seed 0) for277

landmark and matched-budget contrasts. The pre-278

registered depth-interaction tests use a binomial279

GLM with cluster-robust standard errors by ques-280

tion, pooled across datasets by random-effects281

meta-analysis, with false-discovery-rate correc-282

tion across the primary interaction family (Ben-283

jamini and Hochberg, 1995; DerSimonian and284

Laird, 1986). Full statistical specifications, the285

pre-committed heterogeneity rule, and the sensi-286

tivity check against a random-intercept fit are in287

Appendix A.288

4.5 Pre-registered protocol289

We filed a pre-registration prior to data collec-290

tion. The primary depth-interaction hypothe-291

sis, the matched-budget mechanism observation,292

the FDR correction family, the random-effects293

pooling specification, the heterogeneity branch294

rule, and the landmark kill-gate tests are all pre-295

registered; the protocol and amendment chain are296

reproduced in Appendix H.297

4.6 Cross-architecture replication298

To check that the matched-budget mechanism is299

not specific to one consumer family, we re-run300

the three matched-budget controls on a second301

consumer, Mistral-7B-Instruct-v0.3, on MuSiQue.302

Long-context NL rows do not fit at 24 GB on this303

consumer, so the cross-architecture claim rests on304

the matched-budget controls (where TE and the305

controls have similar lengths) rather than on the306

full-NL landmark; details in §6.1.307

5 Results308

5.1 Matched-budget mechanism: TE beats309

every trivial control310

Table 1 reports paired-bootstrap 95% confidence311

intervals for TE versus the three matched-budget312

controls on each of MuSiQue, 2Wiki, and Hot-313

potQA. All nine intervals exclude zero from above,314

with point estimates ranging from +13.6 to +20.2315

percentage points (Fig. 1).316

The three controls jointly rule out three specific317

alternative explanations for TE’s matched-budget318

Control Dataset TE− ctrl (pp) [95% CI]

Char-density MuSiQue +16.6 [+14.7, +18.4]
Char-density 2Wiki +13.6 [+11.3, +15.9]
Char-density HotpotQA +18.2 [+15.2, +21.0]
End-truncation MuSiQue +18.8 [+16.9, +20.6]
End-truncation 2Wiki +15.1 [+12.7, +17.4]
End-truncation HotpotQA +18.6 [+15.7, +21.6]
Random-subset MuSiQue +18.4 [+16.5, +20.3]
Random-subset 2Wiki +16.3 [+13.9, +18.6]
Random-subset HotpotQA +20.2 [+17.3, +23.1]

Table 1: Matched-budget mechanism. At matched
per-row qwen-token budget, TE outperforms all three
trivial controls on all three datasets. Paired bootstrap
over questions, nboot = 10,000, seed 0.
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Figure 1: Matched-budget mechanism. TE
beats character-density, end-truncation, and random-
subsampling controls on every dataset at matched per-
row token budget. Error bars: 95% paired-bootstrap
CI.

advantage. Character-density rules out per-row 319

character manipulation. End-truncation rules out 320

the hypothesis that the NL tail is dispensable. Ran- 321

dom subsampling rules out the hypothesis that 322

any size-matched random subset of NL tokens 323

would suffice. We read the result as supporting the 324

pre-registered mechanism: TE compresses where 325

natural language carries redundancy, and trivial 326

alternatives that strip surface tokens but do not re- 327

express content lose the bridge entities a multi-hop 328

reader needs. 329

5.2 Landmark comparisons at full budget 330

Table 2 reports paired-bootstrap 95% CIs for TE 331

against full-budget NL and against LLMLingua-2 332

at rate-50. On MuSiQue, the deepest-hop dataset, 333

TE beats NL by +4.75 pp and LLMLingua-2 by 334

+7.67 pp (both p < 0.001). On 2Wiki the TE–NL 335

gap is +1.53 pp with a CI that narrowly spans 336

zero. On HotpotQA the sign flips: TE loses to NL 337

by −2.34 pp (p < 0.01). 338

The between-dataset ordering—positive signifi- 339

cant on MuSiQue, positive null on 2Wiki, negative 340

significant on HotpotQA—is the empirical pattern 341

that motivates the post-hoc moderator analysis in 342
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Dataset TE−NL (pp) [95% CI] TE−LLMLingua-2 (pp) [95% CI]

MuSiQue +4.75 [+3.06, +6.41] +7.67 [+6.00, +9.32]
2Wiki +1.53 [−0.17, +3.24] +1.60 [−0.13, +3.36]
HotpotQA −2.34 [−4.41, −0.34] −2.89 [−4.82, −0.92]

Table 2: Landmark paired comparisons. Full-NL
and LLMLingua-2 rate-50 budget regimes. Paired
bootstrap over questions, nboot = 10,000, seed 0.
Per-dataset n: MuSiQue 2,417; 2Wiki 1,500; Hot-
potQA 1,000.

Dataset TE−prose (pp) [95% CI] prose−NL (pp) [95% CI] prose−LLMLingua-2 (pp) [95% CI]

MuSiQue +11.94 [+10.09, +13.72] −6.71 [−8.58, −4.85] −4.28 [−6.13, −2.43]
2Wiki +0.32 [−1.69, +2.30] +1.21 [−0.80, +3.23] +1.28 [−0.77, +3.33]
HotpotQA +1.96 [−0.28, +4.37] −4.30 [−6.60, −2.12] −4.85 [−7.09, −2.69]

Table 3: Coherent-prose comparator at matched
per-row qwen-token budget. Paired bootstrap over
questions, nboot = 10,000, seed 0. Per-dataset n:
MuSiQue 2,417; 2Wiki 1,500; HotpotQA 1,000.

Appendix I; we report it there because at n = 3343

datasets we cannot rule out unobserved dataset-344

construction factors.345

5.3 Coherent-prose comparator at matched346

budget347

A natural concern with the matched-budget mech-348

anism is whether TE’s advantage persists against349

a coherent-prose summary at the same budget,350

rather than against trivial controls that corrupt351

surface structure. We run Claude Sonnet 4.6 as352

a coherent-summary encoder on the same three353

datasets and post-truncate each summary to TE’s354

per-row qwen- token budget. Table 3 reports the355

comparison.356

On MuSiQue, the deepest-hop dataset, TE out-357

performs the matched-budget coherent prose by358

+11.94 pp with the CI strictly positive. On 2Wiki359

and HotpotQA the difference is null. Coherent360

prose itself loses to full NL on MuSiQue and Hot-361

potQA, suggesting that matched-budget truncation362

of coherent summaries is a costly operation when363

the budget is tight: at MuSiQue’s budget, the trun-364

cated summary retains roughly half of TE’s named365

entities, while the untruncated summary at 1.59×366

the budget retains 78% (Appendix J).367

5.4 Depth interaction is null368

We fit the pre-registered depth-interaction model369

per dataset, pool MuSiQue and 2Wiki by random-370

effects meta-analysis, and apply false-discovery-371

rate correction across the family. Table 4 reports372

the four within-dataset slopes plus their meta-373

analytic pool. None is statistically significant:374

FDR-adjusted p-values range 0.41 to 0.92 and375

the pooled meta slopes are indistinguishable from376

zero (I2 = 0% on both interaction terms, so the377

Scope TE:hop_c est [95% CI] pFDR

MuSiQue (n=2,417) −0.018 [−0.113, +0.077] 0.711
2Wiki (n=1,500) −0.019 [−0.113, +0.075] 0.711
Meta (RE) −0.018 [−0.085, +0.048] 0.711

Scope LLMLingua-2:hop_c est [95% CI] pFDR

MuSiQue −0.064 [−0.149, +0.021] 0.413
2Wiki −0.004 [−0.085, +0.077] 0.918
Meta −0.033 [−0.091, +0.026] 0.413

Table 4: Depth-interaction regression. All four within-
dataset slopes are direction-consistent with the pre-
registered negative prediction but non-significant after
FDR correction; pooled estimates are indistinguishable
from zero, I2 = 0%.
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Figure 2: Depth-interaction null. Per-hop F1 for NL,
TE, and LLMLingua-2 within MuSiQue and 2Wiki,
with 95% bootstrap CI shading. The TE–NL gap is flat
across hop counts, not growing with depth. HotpotQA
is excluded because all questions are 2-hop.

pre-committed heterogeneity rule did not fire). 378

All four point estimates are negative—direction- 379

consistent with the pre-registered prediction—but 380

at these p-values the direction-consistency is indis- 381

tinguishable from noise, not weak supporting evi- 382

dence. Section 6.2 quantifies this with a minimum- 383

detectable- effect-size analysis. 384

Figure 2 visualises the null: the TE–NL gap 385

is flat or non-monotone across hop levels within 386

both MuSiQue and 2Wiki, not rising with depth 387

as the pre-registered mechanism would predict. 388

5.5 Methodological note 389

Our pilot swept three consumer-prompt vari- 390

ants. Under one variant (role-prompted), TE’s 391

MuSiQue F1 varied by tens of points across seeds 392

relative to the default prompt because verbose 393

responses interact with the normalised-multiset 394

F1 scorer in a way that is orthogonal to context 395

compression. Main-body numbers use the neutral 396

default prompt throughout; the full prompt-by- 397

metric table is in Appendix F. 398

6 Discussion 399

6.1 What the matched-budget result shows 400

The matched-budget mechanism result is the cen- 401

tral finding of this paper. At the same per-row 402
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qwen-token budget, TE outperforms character-403

density, end-truncation, and random-subsampling404

controls by +13.6 to +20.2 percentage points405

across three datasets. The three controls exhaust406

three mechanistically distinct trivial-compression407

strategies—compress by character deletion, drop408

the NL tail, drop random NL tokens—and none409

preserves the bridge entities a multi-hop reader410

needs. TE preserves bridge entities verbatim and411

replaces connective NL tissue with symbolic oper-412

ators, a re-expression of the same semantic content413

at the same budget. We read this as evidence that414

TE compresses where natural language carries re-415

dundancy: the matched-budget gain is the benefit416

of that operation rather than an artefact of the com-417

pression strategies the controls implement.418

The coherent-prose comparator sharpens the419

reading. Coherent prose at matched budget retains420

roughly half of TE’s named entities on MuSiQue,421

while a longer untruncated coherent summary at422

1.59× the budget retains 78%. The lost entities423

are bridge entities the matched-budget truncation424

drops, and that loss is a property of coherent prose425

at tight budgets, not an artefact of the encoder. TE426

holds entity content more densely than either NL427

or coherent prose because pipe-separated triples428

reserve every token for entity-bearing content that429

articles, auxiliaries, and connectives would other-430

wise consume. We name this the density argument:431

at matched budget, the relevant axis is entities-per-432

token, and TE’s representation is the denser one.433

The matched-budget mechanism replicates on434

a second consumer family. Re-running the three435

controls on Mistral-7B-Instruct-v0.3 on MuSiQue436

yields paired-bootstrap 95% CIs strictly positive437

on all three controls (+8.62/ + 11.08/ + 10.62438

pp), direction-consistent with Qwen-3.5-9B at the439

smaller magnitude expected for a 7B consumer.440

The full-NL landmark is not a valid baseline on441

Mistral because long-context NL rows do not fit442

at 24 GB and the surviving subset is biased toward443

shorter (easier) questions; the cross-architecture444

claim therefore rests on the matched-budget con-445

trols only.446

6.2 Why the null is informative447

The depth-interaction hypothesis predicted that448

TE’s advantage over NL would grow with hop449

count within multi-hop datasets. All four within-450

dataset slopes came out direction-consistent but451

non-significant, and the pooled estimates are in-452

distinguishable from zero. Two readings are avail-453

able. The depth-dependent effect may exist but 454

our sample is too small to detect it. Or the 455

depth-dependent mechanism may simply be ab- 456

sent: TE’s advantage may be a constant offset over 457

compressed-NL equivalents rather than a depth- 458

dependent widening over full NL. 459

A minimum-detectable-effect-size analysis 460

bounds the interpretation. The pooled meta slope 461

is −0.018 log-odds per hop with cluster-robust 462

standard error 0.034; at 80% power and α = 463

0.05 two-sided, the minimum detectable slope 464

is roughly 0.095 log-odds per hop. Translated 465

to F1 at our consumer’s MuSiQue baseline, that 466

corresponds to a TE–NL widening of about 4–5 467

percentage points across the hop-2-to-hop-4 range. 468

The design therefore rules out widenings of that 469

magnitude with ≈ 80% power but cannot distin- 470

guish smaller effects from no effect. The null is in- 471

formative against a strong-form depth-dependent 472

advantage and uninformative about a weak-form 473

one. What our data do support is that the TE–NL 474

gap does not grow monotonically with hop count 475

within MuSiQue or 2Wiki at any appreciable mag- 476

nitude (Fig. 2). 477

6.3 Implications and encoder provenance 478

Our experiments use Claude Sonnet 4.6 as the TE 479

encoder, deliberately chosen as a strong frontier 480

model so that the consumer-reading question is 481

not confounded with translator capacity. A natu- 482

ral follow-up is whether a much smaller encoder, 483

given domain-matched training, could substitute. 484

A pilot we describe in Appendix L fine-tunes 485

Qwen-3.5-0.8B on 5,000 entity-preserving rows 486

with oracle bridge- entity conditioning, evaluates 487

on the held-out MuSiQue test shard, and beats 488

both LLMLingua-2 and the Sonnet TE encoder at 489

roughly 10% of the qwen-token budget. The pilot 490

is single-dataset and uses oracle conditioning, so 491

it is an upper bound on encoder substitutability 492

rather than a deployable alternative; the general 493

translator-capacity question remains open. 494

7 Conclusion 495

We tested Telegraph English, a readable symbolic 496

re-expression of retrieved passages, as a matched- 497

budget alternative to natural language for multi- 498

hop question answering with small language mod- 499

els. Across three benchmarks, TE outperforms 500

three trivial-compression controls and a coherent- 501

prose summariser at the same per-row token bud- 502
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get, with all nine matched-budget confidence in-503

tervals strictly positive. A pre- registered depth-504

interaction hypothesis is null: the advantage does505

not grow with reasoning depth, and a minimum-506

detectable-effect-size analysis bounds the design507

to ruling out widenings of 4–5 F1 points across508

hop levels. We interpret these results as evidence509

that the operative property of TE is entity density510

per token, and the natural follow-up is whether511

smaller encoders, evaluated without oracle entity512

conditioning, can preserve that density.513

8 Limitations and Broader Impact514

8.1 Limitations515

Between-dataset gradient is n = 3. The post-516

hoc reading of the between-dataset TE–NL gradi-517

ent as correlating with dataset NL ceiling rests on518

three datasets. NL-ceiling- proximity is the only519

monotone candidate moderator at this n; unob-520

served dataset-construction factors (bridge-entity521

retrievability, distractor-passage content) corre-522

lated with NL ceiling cannot be ruled out. A523

confirmatory replication would require a fourth524

dataset where NL ceiling varies independently of525

dataset construction, and we report the gradient as526

an exploratory observation only (Appendix I).527

Cross-architecture coverage is mechanism-only.528

The matched-budget mechanism is tested on two529

consumer families (Qwen-3.5-9B and Mistral-7B-530

Instruct-v0.3) and is direction-consistent on both531

(§6.1). The aggregate TE–NL landmark and the532

dataset-hardness gradient, however, are tested only533

on Qwen-3.5-9B; the Mistral full-NL baseline is534

biased by long-context out-of-memory errors on535

the NL rows, so we do not claim architecture536

robustness for the landmark or for the between-537

dataset gradient. The coherent-prose comparator538

was not run on Mistral for the same reason. Cross-539

family landmark coverage at a consumer with540

sufficient context-window headroom is follow-up541

work.542

Single encoder model and frozen prompt.543

TE’s encoder (Claude Sonnet 4.6 via AWS544

Bedrock batch inference) and the encoder prompt545

are fixed. We do not vary encoder capacity, en-546

coder family, or prompt phrasing. A dedicated547

analysis of encoder sensitivity is future work; the548

present paper is about whether a frozen tokenizer-549

aware encoder can serve as a matched-budget al-550

ternative to NL, not about the landscape of such551

encoders. 552

Coherent prose loses entity coverage at 553

matched budget. The matched-budget coherent- 554

prose comparator truncates the encoder’s free- 555

prose output to TE’s per-row budget. On a 10-row 556

MuSiQue sample this drops entity coverage from 557

0.782 (raw, 1.59× budget) to 0.497 (matched bud- 558

get). That is a density property of coherent prose 559

at tight budgets, not an engineering artefact we 560

can remove. A reader whose deployment budget is 561

measured in retained entities rather than consumer 562

tokens should treat our prose-comparator evidence 563

as upper-bounded; a comparison at matched entity 564

coverage would allow the prose representation a 565

larger budget and would answer a different ques- 566

tion. 567

TE-at-larger-budget counterfactual untested. 568

We compare TE at matched qwen-token bud- 569

get to coherent prose at the same budget; we 570

do not test TE at 1.59× budget against coher- 571

ent prose at 1.59× budget. The latter would 572

isolate representation- format advantage from 573

compression-ratio advantage and remains follow- 574

up work. 575

Prompt-template control. A control on 576

MuSiQue (sub-sample n = 500) under the 577

role-prompted consumer prompt confirms 578

the methodological-artefact reading of §5.5: 579

NL F1 (7.61%) and TE F1 (7.14%) collapse 580

together under that prompt, so the collapse is 581

prompt-template-universal and not specific to 582

TE. Under the explicit-reasoning prompt on the 583

same sub-sample, TE F1 (34.28%) substantially 584

exceeds NL F1 (3.12%), suggesting TE is more 585

prompt- robust than raw NL under that variant. 586

We flag this as suggestive only because the 587

sub-sample is MuSiQue at n = 500. 588

Metric brittleness. We use token-level F1 with 589

the standard normalised-multiset implementation. 590

F1 is sensitive to response verbosity (the role- 591

prompt artefact in §5.5 is a manifestation). We re- 592

port exact-match (EM) alongside F1 on MuSiQue 593

in Appendix G; EM and F1 deltas track the same 594

direction across all five comparators, which lends 595

confidence that the depth- interaction null and 596

the matched-budget mechanism are not F1-scorer 597

artefacts. One divergence point is worth flag- 598

ging: TE’s aggregate EM advantage over NL 599

on MuSiQue (+1.08 pp, 95% CI [−0.58,+2.69]) 600

is substantially smaller than its F1 advantage 601
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(+5.24 pp, 95% CI [+3.59,+6.89]) and the EM602

CI crosses zero, consistent with the aggregate TE–603

NL gap being partly carried by partial-credit to-604

kens that F1 counts as recall and EM counts as a605

miss. A full LLM-judge sensitivity sweep remains606

future work.607

The depth-interaction null is bounded, not608

erased. The minimum-detectable-effect-size609

analysis in §6.2 shows our pooled design was610

powered for per-hop interaction slopes ≳ 0.095611

log-odds/hop and underpowered for slopes below612

that. Readers should treat the null as informative613

against strong-form depth- dependent widening614

(slopes ≳ 4–5 pp across the hop-2-to-hop-4 range)615

and uninformative about weak-form widening.616

Closing the gap would require either substantially617

larger n per dataset or a narrower prediction.618

Passage-set scope. We use the gold-plus-619

distractor contexts released with each benchmark620

as retrieval input. This isolates the representation-621

vs-NL question from the retrieval question, but it622

also means our results do not speak directly to de-623

ployed retrieval pipelines where distractor quality624

varies.625

8.2 Broader impact626

TE is a context-compression representation that,627

in our data, preserves bridge-entity spans from628

NL verbatim; it is therefore no more vulnerable629

to entity leakage than retrieval over the source NL630

passages themselves. The encoder is frozen and631

task-agnostic, so TE does not implicitly encode632

downstream task supervision in its output—a prop-633

erty we consider favourable for auditability. We634

see no application-specific harms unique to TE635

relative to the NL baseline it is meant to replace.636
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A Statistical protocol726

The pre-registered primary hypothesis predicts727

that TE’s advantage over NL grows with728

reasoning depth, operationalised as a nega-729

tive representation × hop_count inter-730

action within multi-hop datasets. Let yi ∈731

{0, 1} be the correctness of the consumer’s an-732

swer to question i under representation ri ∈733

{NL,TE,LLMLingua-2} at hop count hi ∈734

{2, 3, 4}, with yi = 1 iff token-level F1 against735

the gold reference is ≥ 0.5. We fit, per dataset, a736

binomial GLM with logit link737

logit P(yi = 1) = α+βrri+βhhopc+γr,h(ri·hopc)
(1)738

where hopc = hi − h̄ centers hop count at its739

dataset mean and cluster-robust standard errors by740

question_id serve as a practical proxy for the741

pre-registered glmer + (1|question_id)742

random-intercept specification (the two specifica-743

tions agree on all inferential conclusions; sensi-744

tivity analysis in Appendix E). The pre-registered745

prediction is γTE,h < 0. HotpotQA is excluded746

because all its questions are 2-hop and the within-747

dataset slope is undefined.748

Meta-analysis and multiple-comparison correc-749

tion. Per-dataset interaction slopes are pooled750

across MuSiQue and 2Wiki by random-effects751

meta-analysis (DerSimonian–Laird; DerSimonian752

and Laird, 1986), yielding a pooled point esti-753

mate, 95% Wald CI, and I2 heterogeneity statistic.754

False-discovery-rate correction (Benjamini and755

Hochberg, 1995) is applied across three tests per756

interaction term ({MuSiQue, 2Wiki,meta}).757

Pre-committed heterogeneity rule. Before fit- 758

ting, we committed to a heterogeneity branch rule: 759

if I2 > 75% on a pooled slope, pooling is not 760

interpretable and we fall back to per-dataset infer- 761

ence. The rule did not fire in our sample (I2 = 0% 762

on both pooled interaction slopes). 763

Paired-bootstrap. For landmark and matched- 764

budget contrasts, paired-bootstrap 95% confidence 765

intervals resample question ids with nboot = 766

10,000 and seed 0, using the percentile bracket 767

on the bootstrap distribution. 768

B Consumer prompt 769

The default consumer prompt used for all main- 770

body numbers is reproduced verbatim below, with 771

{context} and {question} placeholders sub- 772

stituted at runtime: 773

Answer the question using only 774
the context. Return the answer 775
on the final line. 776
Context: 777
{context} 778
Question: {question} 779
Answer: 780

C Telegraph English encoder prompt 781

and example 782

TE is produced by Claude Sonnet 4.6 (via man- 783

aged batch inference) with a fixed prompt that 784

instructs entity-preserving re-expression at a tar- 785

get qwen-token budget. The encoder prompt is 786

reproduced in full in the supplementary materials; 787

an illustrative pre/post pair from a MuSiQue row 788

is: 789

NL: “Barack Obama was born in 790
Honolulu, Hawaii. Honolulu 791
is the capital of the state of 792
Hawaii. Hawaii is a state in 793
the United States.” 794
TE: “Barack Obama @born 795
Honolulu | Honolulu @capital_of 796
Hawaii | Hawaii @state_in 797
United States.” 798

TE preserves the entity spans (“Barack 799

Obama”, “Honolulu”, “Hawaii”, “United States”) 800

verbatim and rewrites connective NL tissue into 801

pipe-separated symbolic clauses with @-prefixed 802

operators. 803

D A6/A7/A8 specification 804

All three trivial-compression controls are opera- 805

tionalised per row against TE’s per-row qwen- 806

token count. Denote by Bi the qwen-token count 807

of TE’s passage for question i. 808
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A6 (char-density). We rescale the NL passage809

by a character-level density transform: drop ev-810

ery k-th character with k chosen per row so that811

the post-transform qwen-token count matches Bi.812

Whitespace is preserved to keep the output human-813

readable.814

A7 (NL end-truncation). We truncate the NL815

passage from its end at the qwen-token boundary816

so that the truncated passage has Bi qwen tokens.817

Partial final words are dropped at the nearest word818

boundary to avoid UTF-8 fragments.819

A8 (NL random-subset). We sample Bi qwen-820

token positions uniformly without replacement821

from the NL passage (fixed seed 42) and concate-822

nate the selected tokens with a single space be-823

tween segments.824

All three operate in qwen-token space, not word825

or character space, so the budget matches what the826

consumer LM actually sees at its tokenizer.827

E Cluster-robust GLM vs. glmer828

sensitivity829

Our primary C1′ specification uses a bi-830

nomial GLM with cluster-robust standard831

errors by question_id as a practical proxy832

for the pre-registered glmer(correct833

~ representation * hop_c +834

(1|question_id)) random-intercept835

specification. We re-fit the full glmer specifica-836

tion on both MuSiQue and 2Wiki as a sensitivity837

analysis; the estimated representation ×838

hop_c slopes agree with the cluster-robust GLM839

to three decimal places on MuSiQue and two840

decimal places on 2Wiki, and the inferential841

conclusion (all four slopes direction-consistent,842

none significant after FDR-BH) is unchanged.843

F Prompt × F1-metric artefact844

Wave-1a pilot numbers on MuSiQue un-845

der three consumer prompts (default,846

explicit_reasoning, role_prompted)847

are tabulated in Table 5 below. Under848

role_prompted, TE’s F1 varies by up849

to 18.3 pp relative to default on the same rows,850

driven by response-length interaction with the851

normalised-multiset F1 scorer.852

G EM alongside F1 on MuSiQue853

Token-level F1 with the standard normalised-854

multiset implementation is sensitive to response855

Prompt TE F1 (%) NL F1 (%) ∆

default 42.74 37.99 +4.75
explicit_reasoning 41.10 36.47 +4.63
role_prompted 24.43 34.80 −10.37

Table 5: Prompt-format sensitivity on MuSiQue (Wave-
1a pilot). The role_prompted row shows a large
negative swing for TE driven by verbose-response F1
deflation, not by an intrinsic compression loss. Main-
body numbers throughout the paper use default.

verbosity (§F). To check that the C1′ null and the 856

C2 confirmation are not F1-scorer artefacts, we 857

re-score the same MuSiQue predictions with exact- 858

match (EM) and report paired-bootstrap 95% CIs 859

on each representation’s EM delta versus NL at 860

matched budget. The MuSiQue evaluation shard 861

contains both F1 and EM for every row; no new 862

inference is required. 863

F1 mean EM mean F1 ∆ vs NL EM ∆ vs NL
Cond (%) (%) (pp, 95% CI) (pp, 95% CI)

NL 37.50 28.09 — —
TE 42.74 29.17 +5.24 [+3.59,+6.89] +1.08 [−0.58,+2.69]
LLMLingua-2 35.07 25.78 −2.43 [−3.89,−1.00] −2.32 [−3.68,−0.99]
A6 25.38 17.29 −12.12 [−14.03,−10.20] −10.80 [−12.66,−8.94]
A7 23.96 16.34 −13.54 [−15.41,−11.66] −11.75 [−13.57,−9.93]
A8 24.31 17.34 −13.19 [−15.09,−11.30] −10.76 [−12.58,−8.94]

Table 6: F1 and EM on MuSiQue (n=2,417 questions
paired) with paired-bootstrap 95% CIs on the delta vs
NL (nboot = 10,000, seed 0). EM and F1 deltas are
direction-consistent across all five comparators. Note
that TE’s EM advantage over NL is small (+1.08 pp)
and its 95% CI crosses zero, whereas its F1 advan-
tage (+5.24 pp) is clearly positive. The three trivial-
compression controls (A6/A7/A8) show large negative
deltas on both metrics with CIs well below zero, and
LLMLingua-2 is negative on both metrics with CIs ex-
cluding zero.

The direction-consistency across F1 and EM 864

lends confidence that the C2 mechanism finding 865

(A6/A7/A8 all far below TE at matched budget) 866

is not an F1-scorer artefact. On the positive TE 867

>NL comparison, the EM CI that crosses zero is 868

informative: it suggests TE’s aggregate advantage 869

on MuSiQue is at least partly carried by partial- 870

credit rewards where TE emits the correct bridge 871

entity alongside additional tokens that F1 counts 872

as recall but EM counts as a miss. This is con- 873

sistent with the compression-where-redundancy 874

interpretation in §6.1 (which is about mechanism 875

at matched budget, not about the size of the aggre- 876

gate F1 advantage). A full LLM-judge sensitivity 877

sweep remains future work (§8.1). 878
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H Pre-registration protocol and879

amendments880

These pre-commitments—FDR-BH correction881

across {MuSiQue, 2Wiki, meta}, a heterogene-882

ity rule (I2 > 75%; it did not fire), an analytic883

MDES bound reported alongside the null, and884

explicit hypothesis-generating-only labelling of885

the between-dataset moderator—jointly prevent886

auxiliary-to-primary promotion after the null pri-887

mary.888

The pre-registration was filed prior to data col-889

lection (DOI and filing date omitted from the sub-890

mission version for reviewer anonymization; re-891

stored in the camera-ready). The primary C1′ hy-892

pothesis, the auxiliary C2 mechanism observation893

(§11.7 obs 2), the FDR-BH correction family, the894

DerSimonian–Laird pooling specification, the pre-895

committed I2 > 75% heterogeneity rule, and the896

landmark kill-gate tests K-F1-1, K-TA-1, and K-γ-897

1 are all pre-registered. Two in-repo amendments898

were filed during the study:899

• §10 amendment: documented a default-900

prompt bug discovered in the Wave-1a pilot901

and specified the remedial Wave-1b rerun at902

matched LLMLingua-2 budget.903

• §11 amendment: filed C2 (compression-904

where-redundancy, §11.7 obs 2) as a sep-905

arately pre-registered auxiliary mechanism,906

prior to the Wave-2 cloud run that produced907

the A6/A7/A8 data reported in Table 1.908

A full amendment log with SHA-stamped times-909

tamps is included in the supplementary materials.910

I Post-hoc observation: between-dataset911

gradient912

This appendix expands the brief main-body913

pointer at the end of §5.4 into the full detail of914

the between-dataset TE−NL gradient. We report915

the gradient as an exploratory observation only,916

not as a contribution.917

The between-dataset ordering in Table 2918

(MuSiQue +4.75 significant, 2Wiki +1.53 null,919

HotpotQA −2.34 significant negative) is direction-920

consistent with the pre-registered P2b verbatim:921

“On HotpotQA (predominantly 1–2 hop), TE922
does not beat NL: ∆F1(NL − TE) > 0. This923
validates that the interaction is emergent with924
depth, not a global TE-wins effect.” (pre-925
registered document, §4)926

The direction is pre-registered; the specific mod- 927

erator that explains the gradient is not. In our 928

n = 3 datasets the ordering correlates mono- 929

tonically with dataset NL F1 (MuSiQue 38.0, 930

2Wiki 56.0, HotpotQA 69.7). Hop-based mod- 931

erators (modal hop count, mean hop depth, 4-hop 932

share) do not have the monotone shape required: 933

modal hop counts are 2/no-mode/2 respectively, 934

mean hop depths are 2.65/3.0/2.0, and 4-hop 935

shares are 17%/33%/0%. NL-ceiling-proximity 936

is therefore the only monotone candidate mod- 937

erator at n = 3. We report it as a post-hoc 938

observational pattern only—unobserved dataset- 939

construction factors (e.g., bridge-entity retrievabil- 940

ity, distractor-passage content) correlated with NL 941

ceiling cannot be ruled out. Figure 3 shows the 942

three points with no fitted line and an explicit 943

n = 3 caveat. 944

30 40 50 60 70 80
NL F1 (%)  [dataset NL-ceiling proxy]
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F1
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p) MuSiQue

2Wiki
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n=3 datasets

post-hoc moderator
hypothesis-generating only

Figure 3: Post-hoc NL-ceiling-proximity observa-
tion (n = 3 datasets, hypothesis-generating only).
Between-dataset TE−NL ∆F1 (pp) plotted against
dataset NL F1 (%). With only three datasets any mono-
tonic moderator fits similarly; we therefore show no
fitted line, no R2, and no coefficient. The ordering is
consistent with—but does not confirm—an NL-ceiling-
proximity reading; unobserved dataset-construction
factors correlated with NL ceiling cannot be ruled out
at n = 3. Error bars: 95% paired-bootstrap CI on ∆F1.

At n = 3 datasets, NL-ceiling-proximity is the 945

only monotone candidate moderator; unobserved 946

dataset-construction factors (e.g., bridge-entity re- 947

trievability, distractor-passage content) cannot be 948

ruled out. We therefore do not treat the gradient 949

as a finding of this paper. A confirmatory replica- 950

tion with a fourth dataset where NL ceiling varies 951

independently of dataset construction is the mini- 952

mum prerequisite for any claim; we reserve that 953

for follow-up work. 954

Hop distribution per dataset (reported for com- 955

pleteness, not a candidate moderator at n = 956
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3). MuSiQue: 2-hop 1,252 (51.8%), 3-hop 760957

(31.4%), 4-hop 405 (16.8%); modal 2, mean 2.65.958

2Wiki: 2-hop 500, 3-hop 500, 4-hop 500 (bal-959

anced); no single mode, mean 3.0. HotpotQA:960

2-hop 1,000 (100%); modal 2, mean 2.0. None of961

modal hop, mean hop, or 4-hop share is monotone962

with the between-dataset TE− NL gradient.963

J F3 coherent-prose comparator: entity964

coverage and landmark contrasts965

F3 evaluates Claude Sonnet 4.6 as a frontier966

coherent-summary encoder on the same three967

datasets, post-truncated to each per-row TE qwen-968

token budget (A7-style), so F3 is evaluated at969

the same budget as TE on identical consumer970

rows. Entity-coverage QC on a 10-row random971

MuSiQue sample (seed 0): at matched TE qwen-972

token budget F3 retains 0.497 of TE’s named en-973

tities, versus 0.782 for F3 raw (pre-truncation) at974

1.59× TE’s budget and 0.824 for LLMLingua-2975

rate-50 at 2.29× TE’s character budget (Table 7);976

the drop 0.782 → 0.497 is produced entirely by977

matched-budget truncation, not by the encoder.978

Comparing F3 vs A7 on MuSiQue (both trun-979

cated to TE’s per-row qwen-token budget, differ-980

ing only in summarization quality) gives F3−A7981

≈ +7 pp: coherent summarization adds value over982

raw truncation even after both lose entity cover-983

age, so the TE−F3 contrast in Table 3 isolates the984

density advantage from the summarization-quality985

advantage. Paired-bootstrap 95% CIs: nboot =986

10,000, seed 0, paired by question_id; per-987

dataset n: MuSiQue 2,417; 2Wiki 1,500; Hot-988

potQA 1,000.989

Compressor Entity coverage (median) Budget regime

TE (Telegraph English) 1.000 † matched TE qwen-tokens
F3 (coherent prose, truncated) 0.497 matched TE qwen-tokens
F3 raw (pre-truncation) 0.782 1.59× TE qwen-tokens
LLMLingua-2 rate-50 0.824 2.29× TE char budget

Table 7: Entity-coverage QC on a 10-row random
MuSiQue sample (seed 0). † TE is the reference by
construction. F3 at matched qwen-token budget re-
tains about half of TE’s named entities; the ∼30-pp
gap from F3 raw is produced by matched-budget trun-
cation, not by the Sonnet encoder. LLMLingua-2’s
higher coverage is measured at a different (more per-
missive) budget regime.

K Honest negatives: F2-struct and990

γ-rescue991

Two pre-registered kill gates fired. F2-struct (a992

structured NL reformulation) does not improve993

over NL on any dataset (∆ = −6.6,−13.4,−15.7 994

pp on MuSiQue, 2Wiki, HotpotQA respectively); 995

F2-struct is cut per pre-registration. K-γ-1, a hop- 996

3 rescue frame intended to outperform TE on 3- 997

hop questions in a revise-and-review pass, fails: 998

combined MuSiQue + 2Wiki hop-3 ∆(γ−TE) = 999

−0.15 pp, 95% CI [−0.78,+0.48], n = 1,260. γ 1000

is cut. Both negatives are useful: F2-struct falsifies 1001

a “surface structure alone suffices” hypothesis,1002

and K-γ-1 falsifies a specific “deeper revision pass 1003

rescues the hard hops” hypothesis. 1004

L Follow-up pilot: small-LM encoder on 1005

MuSiQue with oracle entity 1006

conditioning 1007

Motivation. §6.3 chose Claude Sonnet 4.6 as 1008

the TE encoder to isolate the consumer-reading 1009

question from translator-capacity confounds. A 1010

reviewer may reasonably ask whether a much 1011

smaller encoder, given domain-matched entity-1012

preserving training, could substitute. This pilot 1013

is a single-dataset proof-of-concept for encoder 1014

substitutability; it is not a full replication of the 1015

main-experiment matrix and does not close the 1016

general translator-capacity question. 1017

Setup. We fine-tuned Qwen-3.5-0.8B (base) via 1018

LoRA on 5,000 entity-preserving Wikipedia QA 1019

rows drawn from the MuSiQue and HotpotQA 1020

training splits (2,500 each). Each training row 1021

pairs a question, a retrieval passage, the answer,1022

and the decomposition’s bridge entities (the set 1023

of surface forms the decomposition labels as ap-1024

pearing in intermediate hops). The encoder is con-1025

ditioned at both train and inference on the gold 1026

bridge-entity set as a system-prompt side chan-1027

nel; the supervised target is a Telegraph-English 1028

paraphrase of the passage produced by Sonnet 4.6 1029

under a bridge-entity-aware prompt. At evaluation 1030

we re-translate the held-out MuSiQue n=2,417 1031

test shard through the fine-tuned encoder under the 1032

same oracle conditioning, then send the output to 1033

the main Qwen-3.5-9B consumer using the same 1034

default prompt, decoder setting, and F1 scorer as 1035

the main experiments. 1036

Results. Evaluating all four conditions on the 1037

same n=2,417 held-out items and pairing on ques-1038

tion id: 1039

• E10-v2 (retrained 0.8B): F1 48.04% 1040

• TE (Sonnet 4.6, same-job): F1 42.40% 1041
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• NL baseline: F1 37.50%1042

• LLMLingua-2 (rate-50, matched to TE bud-1043

get): F1 35.07%1044

Paired bootstrap over questions (nboot = 10,000,1045

seed 0):1046

• E10-v2 − LLMLingua-2: +12.97 pp, 95%1047

CI [+11.00,+14.92]1048

• E10-v2 − TE: +5.64 pp, [+3.76,+7.54]1049

• E10-v2 − NL: +10.54 pp, [+8.55,+12.53]1050

All three CIs are strictly positive. The same-1051

job TE F1 42.40% differs by 0.3 pp from the1052

main-experiment TE 42.74%, consistent with1053

deterministic-decode batch-order shifts across1054

consumer-eval runs.1055

Scope limits. Three limitations bound the read-1056

ing of these numbers.1057

(i) Single-dataset. The pilot tests only1058

MuSiQue; the main paper’s claims span three1059

datasets. Running the pilot on 2Wiki and Hot-1060

potQA is mechanical but was deprioritised as the1061

MuSiQue result already suffices to address the1062

“frontier-in, frontier-out” framing concern on the1063

dataset where TE most clearly dominates.1064

(ii) Budget mismatch. The retrained 0.8B output1065

sits at ∼10% of TE’s qwen-token budget (median1066

126 vs. 1251 per row; only 9/2417 rows exceed1067

TE’s budget and are truncated). The +5.64 pp1068

lift over TE therefore reads as an extreme-density1069

data point, not matched-budget dominance. A1070

matched-budget probe (letting E10-v2 generate1071

up to TE’s per-row budget) would disambiguate1072

extreme-density is sufficient from E10-v2 happens1073

to work at low budget; we do not run that probe1074

here.1075

(iii) Oracle conditioning at inference. The de-1076

composition’s bridge-entity set is used as prompt-1077

ing input to the encoder at inference time. In1078

a deployment setting these labels are not avail-1079

able without either human annotation or a sepa-1080

rate entity-extraction model; the pilot thus demon-1081

strates an upper bound on encoder substitutability,1082

not a deployable alternative. A non-oracle control1083

(conditioning on NER-predicted bridge entities,1084

or on entities recovered from the consumer’s first-1085

pass guess) is the natural follow-up.1086

What the pilot does and does not establish.1087

Subject to limits (i)–(iii), the pilot establishes1088

that on MuSiQue translator capacity is not the1089

binding constraint on our mechanism and den-1090

sity claims: a domain-matched 0.8B encoder with 1091

oracle entity conditioning reaches consumer F1 1092

above LLMLingua-2 and above the frontier TE 1093

encoder at a fraction of the token budget. It does 1094

not establish that translator capacity is unimpor-1095

tant across 2Wiki or HotpotQA, that small-LM 1096

encoders match TE without oracle conditioning,1097

or that the density property transfers to matched-1098

budget generation. The general translator-capacity 1099

question remains open and is the subject of con-1100

current work. 1101

Artifacts. The following pilot artifacts accom-1102

pany this paper as supplementary material: the 1103

5,000-row entity-preserving training data; the 1104

Sonnet-generated Telegraph-English targets; the 1105

LoRA fine-tune config and training-loss curves; 1106

the re-translated MuSiQue n=2,417 test shard 1107

produced by the fine-tuned encoder; the consumer-1108

eval shard, per-row F1/EM outputs, and paired-1109

bootstrap JSON with all three contrasts. 1110
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