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Abstract001

Open coding agents are increasingly trained002
on the trajectories of a frontier agent, and the003
recipes are compared by resolve rate, which004
at 731 and 500 tasks cannot separate “the tra-005
jectories did not transfer” from “they trans-006
ferred and bought no score”. We curate 8,137007
Claude Opus 4.8/Claude Code trajectories from008
32,830 captured runs with an explicit rule set,009
fine-tune two open Qwen families on them010
for one to three epochs from bare and post-011
trained bases, and evaluate twelve arms in one012
harness on SWE-bench Pro and SWE-bench013
Verified; one extractor fingerprints all 46,542014
teacher and student trajectories, and two same-015
pool anchors put teacher and students on the016
same tasks. On SWE-bench Pro, one epoch017
produces most of the dense model’s conver-018
gence in command vocabulary, tool composi-019
tion and protocol-error recovery, and on the020
same tasks cuts the distance to the teacher’s021
own trajectories to about one tenth of the na-022
tive model’s; supervised fine-tuning (SFT) cuts023
median cumulative input tokens by 45–53 %024
on every dense checkpoint, whatever its score.025
Fingerprint proximity changes whether or not026
pass@1 changes: the corpus lifts a bare base027
by +8.9 pp on Pro (+3.4 pp on Verified), every028
comparison against a post-trained base (−2.2029
to +2.8 pp) stays below the paired design’s de-030
tectable effect, and the next Qwen generation031
gains +5.6 to +5.8 pp over the native dense032
model at 1.35× its input. Where paired pass@1033
at 731 and 500 tasks cannot separate the arms,034
the behavioral rulers separate them by seven to035
thirty times their sampling floors.036

1 Introduction037

Open coding agents are increasingly trained on the038

trajectories of a frontier agent (Pan et al., 2025;039

Yang et al., 2025b; Ahmad et al., 2026), and the040

recipes are compared by resolve rate. Resolve rate041

hides the process that produced it (Shu et al., 2026).042

At 731 and 500 tasks a paired comparison cannot043

separate “the trajectories did not transfer” from 044

“they transferred and bought no score”, and two 045

runs of the same weights flip more than a tenth of 046

the tasks. 047

Imitation SFT is known to copy a model’s style 048

before its capability (Gudibande et al., 2024), and 049

agent behaviors can be fingerprinted and made 050

more teacher-like (Oderinwale, 2026; Yang et al., 051

2026a,b); we show where that convergence satu- 052

rates, what operational habits and input-token foot- 053

print it transfers, and why it can be sharply disso- 054

ciated from paired solve-rate gains on post-trained 055

coding models. We vary the dose (epochs) and the 056

starting model (bare or post-trained) together, pair 057

every behavioral measurement with a capability 058

measurement on the same arm, add two same-pool 059

anchors (held-out training-pool tasks; the teacher 060

run on the benchmark) and the next Qwen gener- 061

ation as a control, all in one coding harness, and 062

document the curation rule by rule. 063

The corpus is 8,137 Claude Opus 4.8/Claude 064

Code trajectories (v12) selected from 32,830 cap- 065

tured runs by an explicit, fully reported rule set (§3). 066

Two open Qwen families are fine-tuned on it from 067

a post-trained dense base, a post-trained mixture- 068

of-experts (MoE) base and a bare MoE base, and 069

twelve arms run in one harness on SWE-bench Pro 070

and SWE-bench Verified (§4). One extractor mea- 071

sures all 46,542 teacher and student trajectories on 072

four rulers, 345 held-out and 359 benchmark tasks 073

anchor teacher and students on the same tasks, and 074

180 endings and 68 rationalization windows are 075

audited (§5–§7). 076

On the dense line on SWE-bench Pro, one epoch 077

produces most of the observed convergence in com- 078

mand vocabulary, tool composition and protocol- 079

error recovery; the second epoch adds a small vo- 080

cabulary step and the third nothing above the sam- 081

pling floor (Figure 1a), on the evaluation pools 082

and on the same tasks the teacher ran (Figure 4). 083

Supervised fine-tuning (SFT) cuts median cumu- 084

1



0 1 2 3

0.003

0.005

0.01

0.02

0.05

0.1

0.2

0.5

1

split-half sampling floor (≈0.004 bash-JS)

v12 SFT epochs (0 = native)

B
as

h-
vo

ca
bu

la
ry

JS
to

te
ac

he
r(

lo
g)

30

40

50

60

S
W

E
-b

en
ch

P
ro

pa
ss

@
1

(%
)

Qwen3.6-27B (dense)
Qwen3.6-35B-A3B (post-trained MoE)
Qwen3.5-35B-A3B-Base (bare MoE)
Qwen3.8-27B (native)
open marker: pass@1 (right)

1.5 2 3 4 5
30

40

50

60

corpus: −53 % input,
+2.7 pp

corpus on bare base:
+8.9 pp, −28 % input

generatio
n: +5.6 pp,

1.35× native
input

Qwen3.6-27B

Qwen3.8-27B

Qwen3.6-35B-A3B

+v12×3

Qwen3.5-35B-A3B-Base

+v12×2

+v12×2

+v12×1

+v12×3
+v13

Cumulative input tokens per task, median (M, log)

S
W

E
-b

en
ch

P
ro

pa
ss

@
1

(%
)

(a) (b)

Figure 1: One epoch produces most of the dense model’s behavioral convergence on SWE-bench Pro (731 tasks);
SFT cuts median input by up to 53 %, while the capability response depends on the starting model. (a) Bash-
vocabulary Jensen–Shannon distance to the pooled teacher reference (left, log; filled markers) and pass@1 (right;
open markers) over v12 epochs for a post-trained dense model (Qwen3.6-27B), a post-trained MoE (Qwen3.6-
35B-A3B) and a bare MoE base (Qwen3.5-35B-A3B-Base); dashed line = the natively post-trained Qwen3.8-27B.
(b) pass@1 against median cumulative input tokens per task (log): the dense model moves from 3.27 M to 1.52 M at
+2.7 pp, the bare base from 3.40 M to 2.44 M at +8.9 pp, and the generation step from 3.27 M to 4.41 M at +5.6 pp.

lative input tokens by 45–53 %, from 3.27 M to085

1.52–1.80 M per task, on every dense checkpoint086

whatever its score. Fingerprint proximity changes087

whether or not pass@1 changes: the same corpus088

lifts a bare base by +8.9 pp on Pro (+3.4 pp on089

Verified) and moves post-trained bases by −2.2 to090

+2.8 pp, below the detectable effect of the paired091

design, while the next Qwen generation gains +5.6092

to +5.8 pp over the native dense model at 1.35×093

its input (Figure 1b). Where paired pass@1 cannot094

separate the arms, the behavioral rulers separate095

them by seven to thirty times their sampling floors096

(§7).097

Our contributions are:098

1. a documented curation pipeline for frontier-099

agent trajectories with a rule-by-rule impact100

analysis (§3);101

2. a dose-response fingerprint analysis: a one-102

epoch result on the dense line, MoE-line con-103

vergence, within-language replication, and104

two same-pool anchors on which the student’s105

reads and edits overlap the teacher’s on tasks106

it never trained on (§5);107

3. the dissociation of fingerprint transfer from ca-108

pability across starting points, with the input-109

token footprint as a transferred trait (§6);110

4. a paired detectable-effect analysis for SWE-111

bench Pro (Deng et al., 2025) and SWE-bench112

Verified (Jimenez et al., 2024; OpenAI, 2024), 113

and an audit showing that a success-claim 114

regex tracks completion phrasing rather than 115

outcome (§7). 116

2 Related Work 117

Trajectory SFT for coding agents. Fine-tuning 118

on agent trajectories began with search and tool- 119

use agents (Chen et al., 2023; Zeng et al., 2024), 120

where format following and reasoning were already 121

seen to be learned at different speeds (Chen et al., 122

2024). Issue-resolution agents are now routinely 123

trained on trajectories collected at scale (Pan et al., 124

2025; Yang et al., 2025b; Zeng et al., 2025; Wang 125

et al., 2025a,b), distilled from a stronger agent (Ah- 126

mad et al., 2026), curated down to a few hundred 127

examples (CodeArts Model Team et al., 2026), or 128

combined with skill priors and inference-time scal- 129

ing (Yang et al., 2025c; Rastogi et al., 2025; Tao 130

et al., 2026); reinforcement learning on software 131

history is the alternative (Wei et al., 2025). These 132

recipes, and the study that asks which trajectories 133

teach well (Yang et al., 2026b), are compared by 134

resolve rate; we keep the recipe fixed and ask what 135

the student inherits, at what dose, and whether it 136

shows in the score at all. 137

How trajectory corpora are curated. 138

Trajectory- and segment-level selection with 139

loss masks is used as an accuracy lever (Tao 140
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et al., 2026; Zheng et al., 2026a; Yang et al.,141

2026b), failed trajectories can be kept under a142

signal (Wang et al., 2024), the student is known to143

inherit the flaws of every retained step (Ma et al.,144

2026), and leakage of the upstream fix is a known145

contamination path (Prathifkumar et al., 2025;146

Liang et al., 2025). Our object is the rule system147

itself and the behavioral profile of what each rule148

removes.149

Behavioral fingerprints and distillation-induced150

similarity. Trajectories and pull requests identify151

the agent that produced them (Oderinwale, 2026;152

Gupta et al., 2026; Ghaleb, 2026), models carry153

detectable idiosyncrasies (Sun et al., 2025), distil-154

lation leaves detectable traces (Rawat et al., 2026)155

and moves a student’s tool-use behavior toward its156

teacher (Yang et al., 2026a), sometimes through sig-157

nals invisible in the data (Cloud et al., 2025; Dang158

et al., 2026; König et al., 2026). Our extractor is159

in this family; we add the epoch dose, capability160

measured on the same arms, a same-task anchor161

and a vendor next generation.162

Style versus capability in supervised fine-tuning.163

Imitating a proprietary model copies its style be-164

fore its capability (Gudibande et al., 2024); small165

instruction sets change format more than knowl-166

edge (Zhou et al., 2023; Lin et al., 2024; Raghaven-167

dra et al., 2024); whether SFT generalizes depends168

on the starting model and on repetition (Chu et al.,169

2025; Ren et al., 2026; Kopiczko et al., 2026); long-170

chain-of-thought distillation transfers a reasoning171

form (Yeo et al., 2025; Muennighoff et al., 2025;172

Ye et al., 2025); and trajectory SFT can raise an173

agent benchmark by memorizing its interface rather174

than its tools (Gu et al., 2026). The dissociation175

we report is the agentic, teacher-relative instance176

of this pattern.177

Evaluation validity. Resolve rate conceals tra-178

jectory structure (Shu et al., 2026; Mehtiyev and179

Assunção, 2026; Majgaonkar et al., 2025), passes180

wrong patches through weak tests (Yu et al., 2026),181

is flaky across runs (Wang et al., 2026; Yagubyan,182

2026) and needs paired error bars (Miller, 2024);183

confident endings mask silent failure (Advani,184

2026), fewer tokens need not mean a smaller bill un-185

der prompt caching (Weinberger and Hozez, 2026),186

and SWE-bench results are exposed to memoriza-187

tion (Prathifkumar et al., 2025; Liang et al., 2025).188

3 Corpus: generation and curation 189

3.1 Generation and verification 190

The teacher is Claude Opus 4.8 driven by Claude 191

Code (Anthropic, 2026b,a). A vendor captured 192

32,830 of its runs on 16,328 issue-resolution in- 193

stances from 296 open-source repositories at fixed 194

commits, each with a hidden test patch. A run 195

passes only if, with its candidate patch applied (test 196

files stripped) and the gold test patch on top, every 197

required fail-to-pass and pass-to-pass test passes. 198

The captures fall into 12,257 high-precision passes, 199

9,843 by-product passes and 10,483 by-product 200

failures; 247 errored before verification. 201

3.2 Curation funnel and rules 202

Figure 2a draws the v12 funnel; Table A17 (Ap- 203

pendix C) tabulates it with the loss masks. A ven- 204

dor flag for access to the upstream fix removes 221 205

of the 12,257 high-precision passes. Ten drop rules 206

(the P0 tier) then remove 3,435 of the remaining 207

12,036 (28.5 %): a raw-thinking coverage floor of 208

0.98, vendor sourcing marks, six content-leak rules, 209

sandbox escapes and multi-user turns (thresholds in 210

Table A18). A demote tier flags but keeps rows, a 211

same-task cap of two removes 39 more, and a task- 212

level split leaves 8,137 training and 425 validation 213

rows, of which 8,120 and 424 fit the 196,608-token 214

training length. Nine message-level loss masks 215

touch 5,528 of the 8,137 rows and remove none, the 216

two largest covering harness-rejected tool calls and 217

calls from an ignored working directory; masked 218

segments stay in context (2.77 % of learnable char- 219

acters; Table A17). 220

3.3 The v13 variant 221

v13 starts from all 12,257 high-precision rows (the 222

221 vendor-flagged rows face its leak rules rather 223

than up-front removal), relaxes the thinking floor 224

to 0.90, narrows the vendor-mark rule, adds the 225

by-product population (7,503 passes and 6,578 fail- 226

ures) (cf. Wang et al., 2024), drops the per-task cap 227

and trains for one epoch on the 23,146 of its 23,238 228

training rows that fit the training length (Table A17). 229

On 3,104 of the failures (47.2 %) the final message 230

asserts completion in the strong form and receives 231

no loss. The same regex fires on 46.4 % of the 232

teacher’s successful endings and on 44.6 % of its 233

failed ones, so the mask edits phrasing rather than 234

detecting failure (Advani, 2026). Filters, composi- 235

tion, cap and dose change together, so v12 versus 236

v13 is a composite comparison (§6). 237
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3.4 What the rules remove238

Figure 2 compares what each active rule family239

removes with the 8,601 rows it keeps (numbers in240

Table A19). The thinking-coverage floor accounts241

for 2,450 of the 3,435 drops (71 %) and shifts the242

tool mix least of any family (JS 0.005 to the kept243

set, above the 0.0001 size-matched random floor),244

but it removes the longest and most think-heavy245

trajectories (median 68 steps against 44, thinking246

share 0.897 against 0.838). The sourcing rules re-247

move 1–14 % each, and their rows are Bash-heavier248

and recover from protocol errors far less often249

(0.24 for the leak family against 0.60): a small, be-250

haviorally distinct slice. Language and repository251

shares barely move along the funnel. The trained252

corpus therefore carries a thinking share of 0.881,253

the teacher’s harness-error recoveries and trunca-254

tion habits, and one habit no rule targets, editing a255

file without reading it (0.110 of edits).256

4 Students, evaluation and fingerprint257

extractor258

Students and arms. Table 1 lists the twelve arms,259

named by base model and corpus dose. The dense260

line starts from Qwen3.6-27B (Yang et al., 2025a;261

Qwen Team, 2026b) and adds v12 for one, two262

or three epochs (128, 256 and 381 updates) or263

v13 for one epoch (362 updates). The MoE line264

starts from a pretrained base without post-training,265

Qwen3.5-35B-A3B-Base (Qwen Team, 2026a) (it266

ships a chat template), trained for two epochs, and267

from the post-trained Qwen3.6-35B-A3B (Qwen268

Team, 2026c), the same architecture one release269

later, trained for three; the two post-trained MoE270

arms are also run a second time on Pro (repeat sam-271

ples). The next Qwen generation, Qwen3.8-27B272

(Qwen Team, 2026d), is evaluated natively. All273

students are full-parameter fine-tunes with a cosine274

schedule (peak 8× 10−6 on the post-trained bases,275

3 × 10−5 on the bare base), a global batch of 64276

sequences of up to 196,608 tokens, and loss on as-277

sistant text, thinking and tool calls except masked278

segments (Appendix D).279

Evaluation. Every arm runs inside the same280

Claude Code harness (Liu et al., 2026) (version281

2.1.202, 262,144-token context with automatic282

compaction) on SWE-bench Pro (731 tasks in283

Go, Python, TypeScript and JavaScript) and SWE-284

bench Verified (500 Python tasks): one rollout per285

task, temperature 0.8, a 5,400-second wall-time286

limit per task, and an added instruction that forbids287

looking up the fix over the network or in git history 288

(serving in Appendix D). A task counts as solved 289

only if its single trial passes the hidden tests; time- 290

outs, crashes and tasks an arm did not run (0–14 per 291

arm and pool) count as unsolved (Appendix A). No 292

evaluation instance appears in the corpus and the 293

Verified repositories are disjoint from it; one Pro 294

repository, teleport, contributes 1,622 teacher tra- 295

jectories and 76 Pro tasks, so Table 1 also reports 296

differences on the other 655. With one rollout per 297

task the paired design (Miller, 2024) resolves a 298

median effect of about 4 pp on Pro and 5 pp on Ver- 299

ified; smaller differences are reported as below the 300

detectable effect (Appendix A). 301

Fingerprint extractor. One extractor maps the 302

teacher’s 32,830 captures and the students’ 13,712 303

parsed evaluation trajectories (from 13,733 trials) 304

to a common step sequence and measures each 305

arm’s Jensen–Shannon divergence (log2) from the 306

pooled high-precision teacher reference (12,257 307

passes) on four rulers: tool mix over eleven buckets, 308

tool bigrams, Bash command-head vocabulary, and 309

thinking position in deciles of the trajectory. Arm- 310

level distributions are equal-weight means over tra- 311

jectories; the composite is the mean of mix and bi- 312

gram. Differences are read against two floors: the 313

split-half floor (random halves of one arm; about 314

0.001 composite, 0.002–0.005 Bash) and the two 315

repeat samples of the same weights. Two same- 316

pool anchors put teacher and students on the same 317

tasks: the 345 oracle-passed validation tasks of the 318

v12 split (teacher trajectories exist, no task over- 319

lap with training), run once by eight arms; and 320

the teacher itself, same harness version, instruction 321

and wall-time limit at effort high, on 359 SWE- 322

bench Pro tasks drawn in stratified batches without 323

teleport (Appendix E). 324

5 What the student inherits 325

5.1 Dose response 326

On SWE-bench Pro, one v12 epoch produces 327

most of the dense model’s convergence toward the 328

teacher reference. Bash-vocabulary distance to the 329

teacher falls from 0.202 to 0.069 after one epoch, 330

then to 0.053 and 0.050 (Figure 1a); the compos- 331

ite and thinking-position rulers fall the same way 332

(Figure A2, Appendix B). Against the floors of §4, 333

the first epoch moves the Bash, bigram, thinking- 334

position and composite rulers well clear of noise 335

(tool mix alone does not), the second epoch moves 336
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Figure 2: The v12 curation funnel and what each rule removes. (a) Rows surviving each stage, from 32,830 captured
runs to 8,120 training rows at the 196,608-token cap, with the composite v13 corpus (9,880 high-precision rows plus
7,503 by-product passes and 6,578 failures) for comparison. (b) Jensen–Shannon distance between the trajectories
a rule family removes and the 8,601 it keeps, on tool mix (circles) and Bash head-words (diamonds), against the
size-matched random-removal floor (open grey markers): the thinking-coverage floor removes most rows yet has the
smallest tool-mix distance of any family, while the sourcing and leak rules remove a small, distinct slice. (c) Median
steps, thinking share and protocol-error recovery of the removed rows against the kept set (dashed).

Arm (base model + corpus dose) pass@1 (%) ∆ vs. native (pp) ∆Pro−tp Input Bash-JS

Pro Ver. Pro Ver. (pp) (M tok) to teacher

Qwen3.6-27B 50.1 68.4 – – – 3.27 0.202
Qwen3.6-27B+v12×1 49.7 67.8 −0.41 −0.60 −1.22 1.69 0.069
Qwen3.6-27B+v12×2 52.8 68.6 +2.74 +0.20 +2.60 1.52 0.053
Qwen3.6-27B+v12×3 51.0 71.2 +0.96 +2.80 −0.15 1.75 0.050
Qwen3.6-27B+v13×1 52.3 66.2 +2.19 −2.20 +1.98 1.80 0.055

Qwen3.5-35B-A3B-Base 35.4 52.0 – – – 3.40 0.278
Qwen3.5-35B-A3B-Base+v12×2 44.3 55.4 +8.89 +3.40 +9.62 2.44 0.057

Qwen3.6-35B-A3B 46.1 63.0 – – – 3.27 0.195
Qwen3.6-35B-A3B+v12×3 48.8 63.0 +2.74 +0.00 +3.05 2.05 0.061

Qwen3.6-35B-A3B (repeat) 47.1 – – – – 3.13 0.200
Qwen3.6-35B-A3B+v12×3 (repeat) 49.5 – +2.46 – +1.83 2.01 0.069

Qwen3.8-27B 55.7 74.2 +5.61 +5.80 +5.04 4.41 0.061

Table 1: The twelve evaluation arms, named by base model and corpus dose (+v12×2 = two epochs of v12;
+v13×1 = one epoch of v13, 362 updates). pass@1 = solved tasks over the pool (731 SWE-bench Pro, 500
SWE-bench Verified; anomalous trials count as unsolved), one rollout. ∆: percentage points against the line’s
native arm (Qwen3.8-27B: against Qwen3.6-27B, the generation jump). ∆Pro−tp: Pro without the 76 teleport tasks
(N = 655). Input: median cumulative input tokens per task on Pro, millions. Bash-JS: Jensen–Shannon distance
(log2) of the Bash head-word distribution to the teacher on Pro. The two T=0.6 rows are the same weights as the
rows above them, run a second time (the run-to-run reference, §7). “–”: not defined for a native arm.

only the Bash ruler, and the third moves none (Ap-337

pendix B). The MoE line converges on either start-338

ing base, and the drop holds inside each language339

stratum (Figure A6).340

Off-pool, tool composition follows task struc-341

ture: on SWE-bench Verified the composite dis-342

tance rises from 0.046 to 0.065–0.068 while the343

Bash and thinking-position rulers still fall (Fig-344

ure A2, Appendix B). On the same tasks the pool345

confound disappears (Figure 4): on 345 held-out346

validation tasks the dense line’s composite distance 347

to the teacher’s own trajectories falls from 0.051 348

to 0.006 after one epoch and stays (Bash 0.128 to 349

0.026, 0.014 and 0.015; Table A29); on the 359 350

SWE-bench Pro tasks the teacher itself ran, every 351

v12 and v13 arm sits at 0.005–0.007 (tool mix) and 352

0.005–0.010 (Bash, at its split-half floor) from the 353

teacher, against 0.045–0.061 and 0.11–0.13 for the 354

post-trained natives of the same families (Qwen3.8- 355

27B: 0.061 and 0.020; Table A26); and the drop 356
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overshoots corpus and teacher; task-management calls (f) collapse below the corpus rate (the teacher makes none on
the benchmark itself, Appendix E). Qwen3.8-27B matches the distilled arms on (c) and (d) only.
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(a) Held-out tasks (345 v12 validation tasks, never trained on):
distance to the teacher’s own trajectories on the same tasks

(b) The benchmark itself (359 SWE-bench Pro tasks the teacher ran): distance to the
teacher’s trajectories on the same tasks (filled) versus to its corpus (open)

Figure 4: Teacher and students on the same tasks. (a) 345 held-out validation tasks (teacher trajectories exist,
never trained on): Jensen–Shannon distance from the dense line to the teacher’s own trajectories on these tasks
against v12 epochs, composite and Bash head-words, with the split-half sampling floors (dashed); open circle =
Qwen3.6-27B+v13×1, diamond = Qwen3.8-27B. (b) 359 SWE-bench Pro tasks run by the teacher itself: each
arm’s composite distance to the teacher’s trajectories on the same tasks (filled) and to the corpus reference (open);
dotted line = the teacher’s own benchmark trajectories against its corpus. Every v12 and v13 arm is closer to the
teacher on the benchmark than the teacher’s corpus is; every native arm is farther.

holds within each language stratum. On the held-357

out tasks thinking-position distance is 0.003–0.005358

for every dense arm (floor 0.002), so the native359

model is already close there.360

5.2 Anchors361

On tasks it never trained on, the student reads fewer362

files and more of the teacher’s: read-set precision363

against the teacher rises from 0.56 to 0.78 on the364

345 held-out tasks and from 0.50 to 0.75 on the 359365

benchmark tasks (Jaccard 0.50 to 0.64 and 0.50 to366

0.60), a gain of the same order as on 88 trained 367

tasks replayed three times (0.50 to 0.80, 0.44 to 368

0.60; Figure A3), against negative controls of 0.001 369

and 0.05 on the held-out tasks (0.003 and 0.02 on 370

the benchmark) and repeat-run differences below 371

0.01 (Tables A27 and A30). The overlap measures 372

imitation of a reading style rather than recall of 373

trained tasks (the held-out tasks share repositories, 374

not tasks, with the corpus); imitation gain is uncor- 375

related with solve gain in every anchor (Spearman 376

ρ from −0.12 to 0.03). On the benchmark the 377
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Figure 5: Tool composition and Bash vocabulary on SWE-bench Pro. (a) Share of tool calls per arm (inside the bar:
Bash share; above it: task-management share). v12 and v13 raise the Bash share from 50–55 % to 60–62 % and
collapse task management on the two post-trained natives from 5–9 % to below 1 % (teacher 50.7 and 3.2 %). (b) The
teacher’s twelve most frequent Bash command heads as a share of each group’s Bash calls: native Qwen3.6-27B
barely uses echo (1.8 against 14.2 %); two v12 epochs restore the teacher’s profile, which native Qwen3.8-27B
matches only in part.

teacher itself stays within 0.01–0.08 of its corpus378

values for Bash share, echo, truncation pipes and379

write-without-read, recovers from protocol errors380

more often (0.74) and issues no task-management381

calls (Table A28).382

5.3 The inherited bundle383

Protocol-error recovery, the share of harness-384

rejected calls after which the same tool succeeds385

on the same target within three calls, rises on SWE-386

bench Pro from 0.30 to 0.58–0.63 in the dense line387

and from 0.33 to 0.59 in the post-trained MoE line,388

level with the teacher’s 0.60 (Figure 3a); Qwen3.8-389

27B stays at 0.34. On SWE-bench Verified four390

of the five fine-tuned arms rise to 0.57–0.71 and391

the one-epoch checkpoint falls to 0.27 (Table A22).392

The student copies the teacher’s habit of thinking393

less after an error than on other steps, while both394

levels rise past the teacher (Figure 3b; Appendix B).395

Thinking share rises from 0.858 to 0.925–0.946,396

above the corpus (0.881) and the teacher (0.893),397

and thinking position moves toward the teacher398

in both pools except for the post-trained MoE399

pair on Verified (Figure 3c). Command habits400

move after one epoch and stay: the echo share401

of Bash heads reaches the teacher’s 14.2 % from402

1.8 % (Figure 5b), and commands with a truncation403

pipe go from 0.43 to 0.64–0.65 (teacher 0.67; Fig-404

ure 3d). Editing a file without reading it settles at405

the corpus rate of 0.11 from either side: the post-406

trained MoE line rises from 0.059 to 0.092, the407

bare base falls from 0.213 to 0.065, and the dense408

line stays at 0.09–0.11 (Figure 3e; Table A22). 409

Task-management calls collapse from 5.2 % of calls 410

to 0.3–0.5 %, below the corpus rate of 3.2 % and 411

toward the teacher’s own rate on the benchmark, 412

which is zero (Figure 3f; Table A28). 413

Qwen3.8-27B, a single model, matches the dis- 414

tilled arms on Bash vocabulary (distance 0.061 415

against 0.050–0.069) and on the echo profile of 416

Figure 5b but not on tool composition, reading 417

habits or error recovery, which is consistent with 418

its developer having trained on similar traces; it 419

therefore bounds rather than controls the genera- 420

tion comparison of §6. 421

6 What it costs and what it buys 422

6.1 Token footprint 423

The input-token footprint is part of the fingerprint. 424

Median cumulative input per SWE-bench Pro task 425

falls from 3.27 M tokens (Qwen3.6-27B) to 1.52 M 426

(Qwen3.6-27B+v12×2), −53%: 32 % fewer steps 427

times 29 % less context per step, with whole-file 428

reads carrying 74 % of the drop in tool output 429

(Figure A8, Appendix C); rewriting file reading 430

in the harness reaches 9–50 % (Zheng et al., 2026b; 431

Zhang et al., 2026). The post-trained MoE line 432

moves the same way (3.27 M to 2.05 M) and so 433

does the bare base (3.40 M to 2.44 M); every v12 434

and v13 checkpoint of the dense line lands at 1.52– 435

1.80 M regardless of its score. Output tokens rise 436

by 16–49 %, reflecting the thinking overshoot of 437

§5 (Table A25). These are input-token counts, not 438
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bills: under prompt caching the two diverge (Wein-439

berger and Hozez, 2026).440

6.2 pass@1441

The corpus on a bare base improves SWE-bench442

Pro by +8.9 pp (Qwen3.5-35B-A3B-Base+v12×2443

against Qwen3.5-35B-A3B-Base; Table 1); its444

+3.4 pp on SWE-bench Verified is below the de-445

tectable effect. The bare-base gain exceeds the post-446

trained MoE gain by 6.2 pp (standard error 2.3 pp),447

a post-hoc contrast that also crosses generation,448

dose and learning rate (§4), so it resolves that the449

gains differ, not why. Against post-trained bases450

the differences span −2.2 to +2.8 pp in both pools451

and both families, all below the detectable effect;452

excluding the 76 teleport tasks changes no deci-453

sion (Appendix A). The generation jump (Qwen3.8-454

27B against Qwen3.6-27B) gives +5.6 pp on Pro455

and +5.8 pp on Verified, more than any checkpoint456

on the post-trained dense line, at 4.41 M input to-457

kens per task (1.35× the native model); against458

the two-epoch student the Pro margin is +2.9 pp459

at 2.9× the input. The bare-base gain is consis-460

tent with the corpus supplying part of the agentic461

post-training transition on this base, the diminish-462

ing return on stronger starting models that curated-463

trajectory SFT also shows (CodeArts Model Team464

et al., 2026). The composite v13 arm gives +1.3 pp465

on Pro and −5.0 pp on Verified against Qwen3.6-466

27B+v12×3, the one composition signal at the de-467

sign’s detectable effect (Appendix A); as a com-468

posite change it is not attributable, and the arm’s469

fingerprint and footprint stay within the v12 range.470

7 What the score tables can resolve471

Three properties of the evaluation bound the score472

tables. First, single-rollout outcomes are noisy: two473

runs of the same weights flip 13 % of SWE-bench474

Pro tasks for Qwen3.6-35B-A3B and 11 % for475

Qwen3.6-35B-A3B+v12×3, for net differences be-476

low 1 pp, the run-to-run reference for every paired477

comparison (Wang et al., 2026; Yagubyan, 2026).478

Second, the paired design resolves differences of479

about 4 pp on Pro and 5 pp on Verified (§4), so the480

0–3 pp differences between post-trained bases and481

their students are read as unresolved, whereas the482

behavioral rulers separate the same arms by seven483

to thirty times their sampling floors (Appendix B):484

at this scale the fingerprint is the sensitive readout,485

as interface perturbation is for agent benchmarks486

(Gu et al., 2026). Third, the success-claim regex487
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Figure 6: Endings of unsolved trajectories: share whose
final message matches the strong-form completion regex
(solid) and the rationalization regex (light) per arm on
SWE-bench Pro (top) and SWE-bench Verified (bot-
tom); dashed and dotted lines = the teacher’s failed
by-product trajectories (44.6 and 7.0 %, measured on
the teacher’s own task pool). v12 moves the dense line’s
strong-form share toward the teacher on Pro; Verified
is lower and not monotone; audited endings that escape
the regex assert completion in variant wording in every
arm.

tracks completion phrasing rather than outcome 488

(§3; Advani, 2026). On SWE-bench Pro the share 489

of unsolved trajectories whose final message as- 490

serts completion in the strong form falls from 66 % 491

(Qwen3.6-27B) to 49–53 % after v12 and 44 % af- 492

ter v13, level with the teacher’s 45 %, so distillation 493

moves this phrasing toward the teacher; on Verified 494

the shares are lower and not monotone (Figure 6; 495

Table A7). The 110 audited endings that escape the 496

regex assert completion in variant wording in every 497

arm, teacher included (Appendix A). 498

8 Conclusion 499

In this single teacher–corpus study, v12 SFT on 500

8,137 trajectories moved command vocabulary, 501

tool composition and protocol-error recovery to- 502

ward the teacher in two Qwen families, on the eval- 503

uation pools and on the same tasks the teacher ran, 504

with most dense-model change after one epoch, and 505

cut median cumulative input tokens by 45–53 %. 506

pass@1 depended on base and pool: +8.9 pp on 507

Pro and +3.4 pp on Verified for a bare base, and 508

−2.2 to +2.8 pp against post-trained bases, the lat- 509

ter two below what 731 and 500 paired tasks can 510

resolve. The composite v13 variant stayed inside 511

the v12 fingerprint and footprint range. One epoch 512

buys the habits and half the input tokens; transfer 513

is verified on the fingerprint, not on pass@1. 514
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Limitations515

One teacher, one corpus, one harness. Every516

student learns from trajectories of a single fron-517

tier agent captured in a single harness, and every518

arm is evaluated in that same harness. Two student519

families and three starting points (bare MoE, post-520

trained MoE, post-trained dense) vary the receiver,521

and the native dense arm stays far from the teacher522

inside the same harness, so the harness alone does523

not create the fingerprint; but the transfer of a dif-524

ferent teacher’s habits, or of these habits into a525

different scaffold, is not measured.526

Anchors cover Pro, not Verified. The teacher’s527

benchmark trajectories cover 359 of the 731 SWE-528

bench Pro tasks and none of SWE-bench Verified,529

and its thinking is returned encrypted there, so530

same-task comparisons on the benchmark use tool531

rulers only; the held-out anchor shares repositories,532

not tasks, with the corpus, and its two MoE arms533

start from different bases.534

Model-annotated endings. The 180 endings535

(110 regex-negative, 70 regex-positive) and 68 ra-536

tionalization windows were labeled by two model537

annotators, which agree on the two quantities the538

body uses (0 of 110 admissions of failure; regex539

precision 69 of 70) and differ on the rationalization540

split (48 versus 49 verified attributions, 12 versus541

6 bare dismissals); no human pass was run, and the542

body states only the agreed quantities.543

Repository-level exposure. No SWE-bench Pro544

or SWE-bench Verified instance appears in the545

corpus (zero title matches, description Jaccard at546

most 0.21, zero commit matches), and the Verified547

repositories are disjoint from it; but the corpus con-548

tains 1,622 teacher trajectories from the teleport549

repository, which supplies 76 of the 731 Pro tasks.550

Teleport-excluded differences are reported next to551

the full-pool ones (Table 1); every v12 and v13552

checkpoint gains more on those 76 tasks than on553

the other 655.554

No single-rule ablation. The rule-impact analy-555

sis is offline: it measures what each rule removed,556

not what training without it would have changed.557

The one trained variation, v13, changes the think-558

ing floor, the by-product inclusion, the task cap559

and the epoch count together, and is reported as a560

composite. The bare-base result likewise comes561

from one base and one corpus; the design does not562

isolate a general base-to-instruct mechanism.563

Sparse dose curve and one rollout. The MoE 564

dose curve has two points per base and every arm 565

has one rollout per task, so the behavioral rulers 566

are read against split-half floors and the two repeat- 567

sample arms. 568

Ethics statement 569

The corpus consists of trajectories of a commercial 570

frontier agent working on 296 public open-source 571

repositories at fixed commits, each used under its 572

own license; the runs were produced and verified 573

by a data vendor, every trajectory was audited for 574

answer-source access, and trajectories flagged for 575

fetching the upstream fix were removed from v12 576

and subjected to the content-leak rules in v13. The 577

trajectories are outputs of a commercial model used 578

here for research on open models; they are not redis- 579

tributed, and Appendix D states what this submis- 580

sion releases. The evaluation benchmarks are the 581

public SWE-bench Pro and SWE-bench Verified 582

task sets; §4 and the Limitations section declare the 583

one repository-level overlap between corpus and 584

benchmark. No human subjects were involved; the 585

failure-ending annotators are models. 586
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A Evaluation noise 904

Conventions. Every score-level statistic 905

in this appendix is recomputed with the 906

standard library from data/report.json 907

(analysis/stats/stats_fixes.py). The pool 908

is the union of task ids over the arms of that pool 909

(731 on SWE-bench Pro, 500 on SWE-bench 910

Verified) and is the denominator of every rate 911

and difference; a task missing from an arm 912

counts as unsolved (0–14 missing per arm and 913

pool, Table A21; scoring each arm on the tasks 914

it ran raises pass@1 by 0.0–2.1 pp, most for 915

Qwen3.6-27B+v12×3 on Verified, and leaves 916

every comparison on the same side of its detectable 917

effect). For a pair A vs B, b is the number of tasks 918

solved by A only, c by B only, ∆ = (b − c)/N , 919

and p is the two-sided exact binomial McNemar 920

test on the b+ c discordant tasks. Of the 132 pairs 921

in report.json, 21 involve the repeat-sample 922

arms on Verified, which were never run, and are 923

void; the remaining 111 reproduce report.json 924

exactly in b, c, ∆ and p. 925

Pre-declared paired tests. Table A1 lists the 926

two pre-declared families with Holm correc- 927

tion as the primary decision rule: the 13 928

baseline-relative corpus tests (each fine-tuned arm 929

against its own starting model) and the 6 genera- 930

tion/architecture tests. Exactly one corpus test sur- 931

vives Holm, Qwen3.5-35B-A3B-Base+v12×2 − 932

Qwen3.5-35B-A3B-Base on Pro (+8.89 pp, Holm 933

p = 5.87 × 10−6); every post-trained-base com- 934

parison is null after correction, including Qwen3.6- 935

27B+v12×2 − Qwen3.6-27B on Pro (exact p = 936

0.054, Holm p = 0.653), whose Wald interval 937

[+0.09, +5.38] excludes zero only through the 938
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normal approximation. Five of the six gener-939

ation/architecture tests survive Holm; Qwen3.6-940

27B+v12×3 − Qwen3.6-35B-A3B+v12×3 on Pro941

(+2.19 pp, p = 0.137) does not. Over all942

111 valid pairs, 74 are significant before cor-943

rection, 49 after Holm and 71 after Benjamini–944

Hochberg; the two nominal checkpoint-versus-945

checkpoint exceptions, Qwen3.6-27B+v13×1 vs946

Qwen3.6-27B+v12×3 on Verified (−5.00 pp, p =947

0.005) and Qwen3.6-27B+v12×2 vs Qwen3.6-948

27B+v12×1 on Pro (+3.15 pp, p = 0.014), sur-949

vive Benjamini–Hochberg only (Holm-111 p =950

0.250 and 0.658) and are not pre-declared end-951

points.952

Detectable effect. Table A2 derives the mini-953

mum detectable effect of the one-rollout paired954

design (Miller, 2024; Zhuang et al., 2026) from the955

observed discordance of the baseline-relative pairs:956

the median is 4.03 pp on Pro (range 3.77–4.83) and957

5.04 pp on Verified (4.87–5.94), and about 1,322958

Pro tasks would be needed to resolve 3 pp at one959

rollout. Table A3 projects the effect of more roll-960

outs per task from a variance decomposition esti-961

mated on the 237-task stratified rollout×3 subsam-962

ple: at N = 731 it gives 5.99 / 4.07 / 3.25 / 2.63 pp963

for k = 1 / 3 / 8 / ∞. Because the subsample964

over-states the pools’ single-rollout discordance by965

about a factor of two in variance, the k = 1 projec-966

tion is an upper bound and Table A2 is the figure967

to quote for the actual design.968

Run-to-run noise. Figure A1 draws the flip rates969

and the teleport slice; Table A4 gives the two same-970

weights pairs on Pro: a second run of Qwen3.6-971

35B-A3B flips 97 of 731 task verdicts (13.3 %) for972

a net +0.96 pp (p = 0.543), and Qwen3.6-35B-973

A3B+v12×3 flips 83 (11.4 %) for +0.68 pp (p =974

0.661). The flip rate ranges from Go (10.4 / 8.6 %)975

to JavaScript (25.0 / 20.5 %) and, by repository,976

from flipt (4.7 / 1.2 %) to NodeBB (25.0 / 20.5 %),977

so the noise is not uniform across strata.978

Three rollouts. On the 237-task stratified sub-979

sample replayed three times, 36–42 % of Pro tasks980

receive inconsistent verdicts across the three roll-981

outs, and the stratified re-estimate of Qwen3.6-982

27B+v12×2 − Qwen3.6-27B is +1.40 / +2.75 pp,983

not distinguishable from zero.984

Teleport slice. The corpus contains 1,622 teacher985

trajectories from the teleport repository, which986

supplies 76 of the 731 Pro tasks (Verified has987

none). Table A5 gives every arm’s solved counts988

on the 76 teleport tasks and on the other 655, 989

and Table A6 repeats the seven Pro baseline- 990

relative tests on each slice. Excluding teleport 991

changes no decision: nothing becomes signifi- 992

cant and nothing significant becomes null. It re- 993

moves Qwen3.6-27B+v12×3’s apparent Pro gain 994

(+0.96 → −0.15 pp) and slightly strengthens 995

Qwen3.6-27B+v12×2 (+2.74 → +2.60 pp) and 996

Qwen3.6-35B-A3B+v12×3 (+2.74 → +3.05 pp), 997

so the post-trained-base corpus effect is not a tele- 998

port artefact but is below the detectable effect ev- 999

erywhere. On the 76 teleport tasks alone every 1000

v12/v13 checkpoint beats Qwen3.6-27B, by +3.9 1001

to +10.5 pp (Qwen3.6-27B+v12×3: 8 vs 0 discor- 1002

dant, p = 0.008, Holm-7 p = 0.055), a repository- 1003

level lift consistent with corpus exposure although 1004

instance-level matches are zero (Appendix C); a 76- 1005

task slice has a standard error of about 4 pp and the 1006

repeat runs flip 9 of its tasks, so this is a one-rollout 1007

observation rather than a measured effect. 1008

Endings audit. Figure 6 draws the regex rates per 1009

arm and Table A7 gives the regex rates behind §7. 1010

Two model annotators read the same 180 endings 1011

(110 regex-negative, 70 regex-positive) and the 68 1012

rationalization hits, the second (a different model 1013

family) blind to the first’s labels (Table A8). They 1014

agree on the two quantities the body uses: 0 of 110 1015

regex-negative failure endings admit failure, and 1016

the strong-form regex precision is 69 of 70. They 1017

differ on one Qwen3.8-27B sample (claim versus 1018

truncated) and on the split of the rationalization hits 1019

(48 versus 49 verified attributions, 12 versus 6 bare 1020

dismissals, 8 versus 11 false positives); the verified- 1021

attribution share on which they agree (Qwen3.6- 1022

27B 2/8, Qwen3.6-27B+v12×2 12–13/15, teacher 1023

10–11/15) is the only rationalization statistic the 1024

paper reports. No human pass was run. 1025
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Test (A−B) Pool b c ∆ (pp) p pHolm

Corpus family: 13 baseline-relative tests, Holm within m = 13
Qwen3.6-27B+v12×1 − Qwen3.6-27B Pro 47 50 -0.41 0.839 1.000
Qwen3.6-27B+v12×2 − Qwen3.6-27B Pro 59 39 +2.74 0.054 0.653
Qwen3.6-27B+v12×3 − Qwen3.6-27B Pro 59 52 +0.96 0.569 1.000
Qwen3.6-27B+v13×1 − Qwen3.6-27B Pro 61 45 +2.19 0.145 1.000
Qwen3.6-27B+v12×1 − Qwen3.6-27B Verified 38 41 -0.60 0.822 1.000
Qwen3.6-27B+v12×2 − Qwen3.6-27B Verified 42 41 +0.20 1.000 1.000
Qwen3.6-27B+v12×3 − Qwen3.6-27B Verified 45 31 +2.80 0.135 1.000
Qwen3.6-27B+v13×1 − Qwen3.6-27B Verified 34 45 -2.20 0.260 1.000
Qwen3.5-35B-A3B-Base+v12×2 − Qwen3.5-35B-A3B-Base Pro 115 50 +8.89 4.51× 10−7 5.87× 10−6

Qwen3.5-35B-A3B-Base+v12×2 − Qwen3.5-35B-A3B-Base Verified 65 48 +3.40 0.132 1.000
Qwen3.6-35B-A3B+v12×3 − Qwen3.6-35B-A3B Pro 67 47 +2.74 0.075 0.822
Qwen3.6-35B-A3B+v12×3 − Qwen3.6-35B-A3B Verified 45 45 +0.00 1.000 1.000
Qwen3.6-35B-A3B+v12×3 (repeat) − Qwen3.6-35B-A3B (repeat) Pro 70 52 +2.46 0.123 1.000

Generation / architecture family: 6 tests, Holm within m = 6
Qwen3.8-27B − Qwen3.6-27B Pro 75 34 +5.61 1.07× 10−4 5.37× 10−4

Qwen3.8-27B − Qwen3.6-27B Verified 57 28 +5.80 0.002 0.009
Qwen3.6-27B − Qwen3.6-35B-A3B Pro 70 41 +3.97 0.008 0.023
Qwen3.6-27B − Qwen3.6-35B-A3B Verified 64 37 +5.40 0.009 0.023
Qwen3.6-27B+v12×3 − Qwen3.6-35B-A3B+v12×3 Pro 59 43 +2.19 0.137 0.137
Qwen3.6-27B+v12×3 − Qwen3.6-35B-A3B+v12×3 Verified 64 23 +8.20 1.27× 10−5 7.59× 10−5

Table A1: Pre-declared paired tests (analysis/stats/stats_fixes.md, §b). b = tasks solved by A only, c =
by B only, ∆ = (b − c)/N with N = 731 (Pro) or 500 (Verified) and a task missing from an arm counted as
unsolved; p = two-sided exact binomial McNemar test on the discordant pairs; pHolm = Holm-adjusted within the
family shown. Positive ∆ = the corpus (first family) or the first-named arm (second family) solved more. Over
all 111 valid same-pool pairs, 74 are significant at p < 0.05 before correction, 49 survive Holm and 71 survive
Benjamini–Hochberg at 0.05.

Test (A−B) b+c SE (pp) MDE80 (pp) N for 3 pp

Pro (N = 731)
Qwen3.6-27B+v12×1 − Qwen3.6-27B 97 1.35 3.77 1,156
Qwen3.6-27B+v12×2 − Qwen3.6-27B 98 1.35 3.78 1,162
Qwen3.6-27B+v12×3 − Qwen3.6-27B 111 1.44 4.03 1,322
Qwen3.6-27B+v13×1 − Qwen3.6-27B 106 1.41 3.94 1,259
Qwen3.5-35B-A3B-Base+v12×2 − Qwen3.5-35B-A3B-Base 165 1.73 4.83 1,898
Qwen3.6-35B-A3B+v12×3 − Qwen3.6-35B-A3B 114 1.46 4.08 1,352
Qwen3.6-35B-A3B+v12×3 (repeat) − Qwen3.6-35B-A3B (repeat) 122 1.51 4.22 1,449

Verified (N = 500)
Qwen3.6-27B+v12×1 − Qwen3.6-27B 79 1.78 4.98 1,377
Qwen3.6-27B+v12×2 − Qwen3.6-27B 83 1.82 5.10 1,447
Qwen3.6-27B+v12×3 − Qwen3.6-27B 76 1.74 4.87 1,318
Qwen3.6-27B+v13×1 − Qwen3.6-27B 79 1.77 4.97 1,373
Qwen3.5-35B-A3B-Base+v12×2 − Qwen3.5-35B-A3B-Base 113 2.12 5.94 1,959
Qwen3.6-35B-A3B+v12×3 − Qwen3.6-35B-A3B 90 1.90 5.31 1,568

Table A2: Detectable effect of the one-rollout paired design from the observed discordance (stats_fixes.md,
§c1). SE =

√︁
(b+ c)− (b− c)2/N/N , MDE80 = 2.8 SE (80 % power, two-sided 0.05); the last column is the

pool size at which the same discordance would give MDE80 = 3 pp with one rollout. Median MDE80 over the
baseline-relative pairs: 4.03 pp on Pro and 5.04 pp on Verified; median N for 3 pp: 1,322 and 1,412 tasks.
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Figure A1: Robustness of the score tables on SWE-bench Pro. (a) Repeat samples: share of tasks solved in exactly
one of two runs of the same weights, overall (bars), per language (symbols sized by n) and per repository (grey
dots). (b) Teleport slice: pass@1 on the 76 teleport tasks (open) against the other 655 (filled) for the twelve arms,
labelled with the difference in pp. Neither a second run nor the teleport repository reorders the arms.
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MDE80 (pp) at k rollouts per task

N k = 1 k = 3 k = 8 k → ∞

237 10.52 7.15 5.71 4.63
500 7.24 4.93 3.93 3.19
731 5.99 4.07 3.25 2.63

N for 3 pp 2,916 1,348 858 564

Table A3: Variance-decomposition projection of the
detectable effect (stats_fixes.md, §c2): Var(∆̂) =
[σ2

between + (σ2
within,A + σ2

within,B)/k]/N with
σ2
between = 0.0647 and σ2

within,A + σ2
within,B = 0.27,

all three estimated on the 237-task stratified rollout×3
subsample, not on the evaluation pools. The de-
composition implies a single-rollout discordance of
0.335, whereas the pools show 0.13–0.23 for the
baseline-relative pairs (Table A2), so the k = 1 row is
an upper bound.
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Stratum n flips rate (%) run 2 only run 1 only net ∆ (pp) p

Qwen3.6-35B-A3B (repeat) vs Qwen3.6-35B-A3B (same weights, Pro)
all tasks 731 97 13.3 52 45 +0.96 0.543

Go 280 29 10.4 17 12 +1.79 –
JavaScript 44 11 25.0 7 4 +6.82 –
Python 266 37 13.9 18 19 -0.38 –
TypeScript 141 20 14.2 10 10 +0.00 –
repo range 4.7–25.0 (flipt n = 85 to NodeBB n = 44)

Qwen3.6-35B-A3B+v12×3 (repeat) vs Qwen3.6-35B-A3B+v12×3 (same weights, Pro)
all tasks 731 83 11.4 44 39 +0.68 0.661

Go 280 24 8.6 14 10 +1.43 –
JavaScript 44 9 20.5 4 5 -2.27 –
Python 266 33 12.4 15 18 -1.13 –
TypeScript 141 17 12.1 11 6 +3.55 –
repo range 1.2–20.5 (flipt n = 85 to NodeBB n = 44)

Table A4: Run-to-run reference on SWE-bench Pro (stats_fixes.md, §d): the same weights run twice. A flip
is a task solved in exactly one of the two runs; net ∆ = solved(run 2) − solved(run 1) over N = 731; p = exact
McNemar. Restricting to tasks present in both runs gives the same rates (97/730 and 82/722). Per-language and
per-repository rows show that the noise is not uniform across strata.

teleport (76) rest (655) all (731)

Arm solved % solved % solved %

Qwen3.6-27B
native 28 36.8 338 51.6 366 50.1
+v12×1 33 43.4 330 50.4 363 49.7
+v12×2 31 40.8 355 54.2 386 52.8
+v12×3 36 47.4 337 51.5 373 51.0
+v13×1 31 40.8 351 53.6 382 52.3

Qwen3.5-35B-A3B-Base
native 22 28.9 237 36.2 259 35.4
+v12×2 24 31.6 300 45.8 324 44.3

Qwen3.6-35B-A3B
native 29 38.2 308 47.0 337 46.1
+v12×3 29 38.2 328 50.1 357 48.8
native (repeat) 28 36.8 316 48.2 344 47.1
+v12×3 (repeat) 34 44.7 328 50.1 362 49.5

Qwen3.8-27B
native 36 47.4 371 56.6 407 55.7

Table A5: Solved counts on the 76 SWE-bench Pro tasks
from the teleport repository (the one Pro repository
that also appears in the corpus: 1,622 teacher trajecto-
ries) and on the remaining 655 tasks (stats_fixes.md,
§e1). Column groups give the subset size N ; denomi-
nator = subset size, a missing task counts as unsolved.
SWE-bench Verified contains no teleport task.
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Test (A−B) b c ∆ (pp) p pHolm

Pro without teleport (N = 655), Holm within m = 7
Qwen3.6-27B+v12×1 − Qwen3.6-27B 40 48 -1.22 0.456 0.911
Qwen3.6-27B+v12×2 − Qwen3.6-27B 52 35 +2.60 0.086 0.428
Qwen3.6-27B+v12×3 − Qwen3.6-27B 51 52 -0.15 1.000 1.000
Qwen3.6-27B+v13×1 − Qwen3.6-27B 54 41 +1.98 0.218 0.872
Qwen3.5-35B-A3B-Base+v12×2 − Qwen3.5-35B-A3B-Base 104 41 +9.62 1.70× 10−7 1.19× 10−6

Qwen3.6-35B-A3B+v12×3 − Qwen3.6-35B-A3B 59 39 +3.05 0.054 0.326
Qwen3.6-35B-A3B+v12×3 (repeat) − Qwen3.6-35B-A3B (repeat) 61 49 +1.83 0.294 0.883

teleport only (N = 76), Holm within m = 7
Qwen3.6-27B+v12×1 − Qwen3.6-27B 7 2 +6.58 0.180 0.898
Qwen3.6-27B+v12×2 − Qwen3.6-27B 7 4 +3.95 0.549 1.000
Qwen3.6-27B+v12×3 − Qwen3.6-27B 8 0 +10.53 0.008 0.055
Qwen3.6-27B+v13×1 − Qwen3.6-27B 7 4 +3.95 0.549 1.000
Qwen3.5-35B-A3B-Base+v12×2 − Qwen3.5-35B-A3B-Base 11 9 +2.63 0.824 1.000
Qwen3.6-35B-A3B+v12×3 − Qwen3.6-35B-A3B 8 8 +0.00 1.000 1.000
Qwen3.6-35B-A3B+v12×3 (repeat) − Qwen3.6-35B-A3B (repeat) 9 3 +7.89 0.146 0.876

Table A6: The seven Pro baseline-relative tests recomputed without the teleport repository and on teleport alone
(stats_fixes.md, §e2, e4). Conventions as in Table A1. Re-running the 13-test corpus family with the seven Pro
tests replaced by their teleport-excluded versions (§e3) leaves the same single Holm survivor (Qwen3.5-35B-A3B-
Base+v12×2 − Qwen3.5-35B-A3B-Base).

SWE-bench Pro SWE-bench Verified

Arm n claim rat. n claim rat.

Teacher (failed) 10,483 44.6 7.0 – – –

Qwen3.6-27B
native 359 66.3 2.2 154 14.9 0.6
+v12×1 367 52.9 8.7 154 18.2 16.2
+v12×2 336 49.1 8.9 151 21.2 18.5
+v12×3 354 48.9 9.0 130 20.0 16.9
+v13×1 349 44.1 8.6 165 10.3 20.6

Qwen3.5-35B-A3B-Base
native 465 22.6 0.4 236 21.2 0.4
+v12×2 398 50.5 9.3 215 21.9 22.8

Qwen3.6-35B-A3B
native 394 58.9 2.8 184 15.2 0.5
+v12×3 374 55.1 9.6 181 21.0 16.0
native (repeat) 386 63.2 1.0 – – –
+v12×3 (repeat) 360 58.3 8.6 – – –

Qwen3.8-27B
native 323 24.1 13.9 124 12.1 28.2

Table A7: Endings audit. For each arm, n = unsolved
trajectories; “claim” = share (%) whose final assistant
message matches the strong-form success-claim regex;
“rat.” = share (%) matching the rationalization regex.
The teacher row (“Teacher (failed)”) is the corpus by-
product failed population, 10,483 trajectories with no
pool. Regex precision is 69/70 on the audited positives.
Two model annotators, working blind, find 0 of 110
regex-negative failure endings that admit failure (the
remainder claim completion in variant wording or stop
mid-sentence at the context wall); of 68 rationalization
hits, 48 carry baseline-verification evidence (re-running
on a clean checkout) and 12 are bare dismissals.

Quantity Annot. 1 Annot. 2

Regex-negative endings that admit failure 0/110 0/110
claim / truncated / admit: teacher 20/0/0 20/0/0
Qwen3.6-27B 20/0/0 20/0/0
Qwen3.6-27B+v12×2 20/0/0 20/0/0
Qwen3.6-27B+v13×1 13/2/0 13/2/0
Qwen3.8-27B 16/4/0 17/3/0
Qwen3.6-35B-A3B+v12×3 15/0/0 15/0/0

Strong-form regex precision (true / hits) 69/70 69/70

Rationalization hits (68): verified attribution 48 49
bare dismissal 12 6
false positive 8 11
grader-will-replace (Qwen3.6-35B-A3B+v12×3) 2‡ 2

Verified-attribution share: teacher 10/15 11/15
Qwen3.6-27B 2/8 2/8
Qwen3.6-27B+v12×2 12/15 13/15
Qwen3.8-27B 13/15 13/15
Qwen3.6-35B-A3B+v12×3 11/15 10/15

Table A8: Agreement between the two
model annotators of the endings audit
(second_annotator_agreement.md); annotator
2 worked blind on the same 180 + 68 windows. Annota-
tor 1’s per-arm tallies sum to 110. ‡Counted inside the
three categories for annotator 1 (48 + 12 + 8 = 68),
separately for annotator 2 (49 + 6 + 11 + 2 = 68). The
two agree on the admission and precision counts the
body uses and differ on one Qwen3.8-27B sample and
on the rationalization split.
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B Fingerprint robustness1026

Setup. Every distance in this appendix is the1027

trajectory-weighted divergence between an arm’s1028

step distribution and the teacher’s high-precision1029

population (12,257 trajectories) over the four rulers1030

of §5: tool mix (11 buckets), tool bigrams, Bash1031

command heads and thinking-position deciles, with1032

the composite the mean of mix and bigram. Un-1033

certainty is a trajectory-level bootstrap (B = 1000,1034

seed 20260902; percentile 2.5/97.5, teacher fixed),1035

reported as a bootstrap 95 % interval; the point1036

estimates agree with fp_summary.json to 10−15.1037

Consecutive-arm differences. Figure A4 draws1038

the intervals; Table A9 gives the change in1039

JS distance between arms with its bootstrap1040

interval. On Pro, Qwen3.6-27B →Qwen3.6-1041

27B+v12×1 is above noise on Bash (−0.133), bi-1042

gram (−0.010), thinking position (−0.008) and1043

the composite (−0.006) but not on mix; Qwen3.6-1044

27B+v12×1 →Qwen3.6-27B+v12×2 moves only1045

Bash (−0.016, about seven times the same-1046

weights floor); Qwen3.6-27B+v12×2 →Qwen3.6-1047

27B+v12×3 moves nothing. “One epoch does1048

most of it” is therefore a difference statement, and1049

the residual second-epoch effect exists only in the1050

Bash vocabulary. On Verified the mix and bigram1051

rulers move away from the teacher for every v121052

checkpoint while Bash converges.1053

Alternative distances. Table A10 repeats the1054

epoch ordering under Hellinger and total-variation1055

distance. Hellinger preserves every JS ordering1056

and the habit/strategy split on Verified; total vari-1057

ation does not preserve the Pro tool-mix order-1058

ing, because the SFT arms overshoot the teacher’s1059

Bash share (Table A11: teacher 50.7 %, Qwen3.6-1060

27B 54.5 %, Qwen3.6-27B+v12×1/Qwen3.6-1061

27B+v12×2/Qwen3.6-27B+v12×3 62.3 / 60.1 /1062

61.8 %), which a linear distance registers while JS1063

is dominated by the collapsed small buckets. Tool-1064

mix “convergence” is thus ruler-dependent; Bash1065

vocabulary and thinking position are not.1066

Noise floors. Table A12 gives the two references1067

against which the body quotes “above noise”: the1068

same-weights repeat samples (composite 0.0008 /1069

0.0003, Bash 0.0021 / 0.0011 at n ≈ 730) and split-1070

half distances within one arm (composite ≈0.0008,1071

Bash 0.004–0.005; Qwen3.6-35B-A3B Bash 0.0151072

from its heterogeneous vocabulary). The sampling1073

floor at student sample size is therefore about 0.0011074

on the composite and 0.002–0.005 on Bash; the1075

“teacher-internal 0.002–0.003” figure is the dis- 1076

tance between teacher sub-populations, not sam- 1077

pling noise. 1078

Pool confound. Distances are comparable only 1079

within a pool: on the 88-task anchor Qwen3.6- 1080

27B+v12×2’s composite is 0.0090 against 0.0215 1081

on Pro, and Qwen3.6-27B’s 0.0493 against 0.0285; 1082

the pool effect is larger than the residual dose effect 1083

and is not additive. 1084

Post-error thinking. Figure A5 draws the two 1085

levels per arm; Table A13 reports absolute thinking 1086

characters per step after a tool error and on all other 1087

steps. The teacher thinks less after an error than on 1088

ordinary steps (248 vs 726 characters, ratio 0.34); 1089

Qwen3.6-27B does not (373 vs 359, 1.04); after 1090

SFT the student thinks more after an error in abso- 1091

lute terms (Qwen3.6-27B+v12×2 580) and its ratio 1092

falls to 0.48 because ordinary-step thinking triples 1093

(1,199). What transfers is the teacher’s pattern, not 1094

a reduction in post-error thinking; the paper reports 1095

both numbers. 1096

Language strata. Figure A6 draws the strata; 1097

Table A14 restricts the Pro distance to one 1098

language at a time and, for Python, adds a 1099

Python-only teacher reference (n = 574). 1100

Bash-vocabulary convergence holds inside every 1101

language (Qwen3.6-27B →Qwen3.6-27B+v12×2: 1102

Python 0.341→0.133, Go 0.217→0.066, JS/TS 1103

0.237→0.105); with the Python reference 1104

the composite falls on the Pro Python slice 1105

(0.0267→0.0195→0.0178 for Qwen3.6-27B, 1106

Qwen3.6-27B+v12×2, Qwen3.6-27B+v12×3) but 1107

rises on Verified (0.0369→0.0476→0.0465), the 1108

strategy-layer divergence noted in §5. 1109

Anchor diagnostics. Tables A15 and A16 docu- 1110

ment the 88-task anchor of Figure A3. Both jobs 1111

ran exactly three rollouts per task (263 and 296 1112

parsed trajectories: one void Qwen3.6-27B trial; 1113

the Qwen3.6-27B+v12×2 job also covers the 12 1114

tasks later removed by the oracle golden-patch fil- 1115

ter). The student reads fewer files (median 11→7; 1116

teacher 6) at higher precision against the teacher’s 1117

read set (0.50→0.80, 75:8 tasks) and similar re- 1118

call (0.86→0.80, 18:30, n.s.), so its read-set Jac- 1119

card rises (0.44→0.60, 66:15) while the negative 1120

controls stay at 0.001 (another task’s teacher set) 1121

and 0.03 (same repository, different task; 45:38, 1122

p = 0.51); the gain survives on the 15 tasks where 1123

Qwen3.6-27B+v12×2 reads as many or more files 1124
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Figure A3: Same-task anchor: 88 v12 training tasks
replayed three times by Qwen3.6-27B and Qwen3.6-
27B+v12×2, per-task medians. (a) Distribution over
tasks of read-set Jaccard to the teacher’s read set (me-
dian 0.44 to 0.60; Qwen3.6-27B+v12×2 closer on 66
of 88 tasks); dashed: negative controls, another task’s
teacher set (0.001) and a same-repository different-task
set (0.03). The student reads fewer files (median 11
to 7; teacher 6) at higher precision (0.50 to 0.80) and
similar recall (0.86 to 0.80). (b) Per-task change in
solve fraction against change in read-set Jaccard (y jit-
tered): imitation gain does not track solve gain (Spear-
man ρ = −0.12; mean solve 55.3 to 61.6 %).

(+0.054, 8:3). Table A16 shows that the two pub-1125

lished solve-rate p-values (0.073 and 0.099) differ1126

only in whether a void trial counts as unsolved, a1127

gap of one task; the interval is a plain task bootstrap,1128

not a stratified estimate. Per-task solve gain does1129

not track imitation gain (Spearman ρ = −0.12,1130

Figure A3b).1131

Thinking-position profiles. Figure A7 draws the 1132

decile profiles behind the thinking-position ruler: 1133

the native models spread thinking evenly or load it 1134

into the last decile, whereas the fine-tuned arms and 1135

Qwen3.8-27B reproduce the teacher’s early hump 1136

on Pro; on Verified the fine-tuned profiles flatten, 1137

which is why the thinking-position distance moves 1138

less there. 1139
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Qwen3.6-27B→Qwen3.8-27B
Qwen3.6-27B: +v12×3→+v13×1

Qwen3.5-35B-A3B-Base: native→+v12×2
Qwen3.6-35B-A3B: native→+v12×3

Qwen3.6-27B: native→+v12×2
Qwen3.6-27B: +v12×2→+v12×3
Qwen3.6-27B: +v12×1→+v12×2

Qwen3.6-27B: native→+v12×1

−20 0 20

Qwen3.6-27B→Qwen3.8-27B
Qwen3.6-27B: +v12×3→+v13×1

Qwen3.5-35B-A3B-Base: native→+v12×2
Qwen3.6-35B-A3B: native→+v12×3

Qwen3.6-27B: native→+v12×2
Qwen3.6-27B: +v12×2→+v12×3
Qwen3.6-27B: +v12×1→+v12×2

Qwen3.6-27B: native→+v12×1

−60 −30 0 30 −300 −150 0 −40 −20 0

Tool mix Tool bigrams Bash head-words Thinking positionSWE-bench Pro

SWE-bench Verified

Change in JS distance to teacher, d(B) − d(A) (units of 10−3)

Qwen3.6-27B Qwen3.6-35B-A3B Qwen3.5-35B-A3B-Base Qwen3.8-27B hollow: 95 % interval contains 0

Figure A4: Change in JS distance to the teacher between arms, d(B)− d(A), in units of 10−3, with trajectory-level
bootstrap 95 % intervals (teacher fixed; Table A9); filled markers = interval excludes zero. Every native→v12 pair
moves Bash head-words toward the teacher in both pools; the second and third dense epochs and the Qwen3.6-
27B+v13×1 swap are indistinguishable from zero on every ruler; on SWE-bench Verified tool mix and bigrams
move away from the teacher.
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Figure A5: Mean thinking characters per assistant step on the step after a tool error (filled) and on all other steps
(tint), with their ratio, on SWE-bench Pro (a) and SWE-bench Verified (b). The teacher and every fine-tuned arm
think about half as much after an error (ratios 0.34 and 0.47–0.61); the native models think as much or more (1.04,
1.76 and 0.98 on Pro).
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Figure A6: Within-language replication on SWE-bench Pro: Bash head-word (top) and composite (bottom) JS
distance to the teacher inside the Python, Go and JS/TS strata against v12 epochs, and the Python stratum measured
against a Python-only teacher reference (right column). Bash vocabulary converges in every stratum; the composite
is flat in Python only against the pooled reference and falls against the Python-only one, the pool effect of §5.

1 2 3 4 5 6 7 8 9 10
0

5

10

15

20

sh
ar

e
of

th
in

ki
ng

ch
ar

ac
te

rs
(%

)

1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

(a) SWE-bench Pro, dense 27B line (b) SWE-bench Pro, MoE lines (c) SWE-bench Verified, dense 27B line

decile of the trajectory’s steps (1 = first 10 %, 10 = last 10 %)

teacher (high-precision) Qwen3.8-27B native Qwen3.6-35B-A3B native Qwen3.6-35B-A3B +v12×3

Qwen3.6-27B native Qwen3.6-27B +v12×1 Qwen3.6-27B +v12×2 Qwen3.6-27B +v12×3

Qwen3.5-35B-A3B-Base native Qwen3.5-35B-A3B-Base +v12×2 uniform (10 %)

Figure A7: Share of thinking characters per decile of the trajectory, the distribution behind the thinking-position
ruler. (a) SWE-bench Pro, dense line; (b) SWE-bench Pro, MoE lines; (c) SWE-bench Verified, dense line. Native
models think flat across the trajectory (the bare base loads 21 % into the last decile); every fine-tuned arm and
Qwen3.8-27B reproduce the teacher’s early hump at deciles 2–4; on Verified the fine-tuned curves flatten toward
uniform.
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Pair (A → B) mix bigram Bash think-pos.

Pro
Qwen3.6-27B: native → +v12×1 −1.6 [−4.5, 1.4] −10.1 [−14.6,−5.6]∗ −133.1 [−144.7,−124.4]∗ −7.8 [−10.7,−4.3]∗

Qwen3.6-27B: +v12×1 → +v12×2 −1.0 [−4.2, 1.8] −1.3 [−5.8, 3.1] −15.7 [−25.2,−6.7]∗ 2.5 [−1.0, 5.8]
Qwen3.6-27B: +v12×2 → +v12×3 −0.4 [−3.2, 2.8] −0.0 [−4.5, 4.5] −3.0 [−10.4, 7.2] −0.8 [−4.5, 2.9]
Qwen3.6-27B: native → +v12×2 −2.6 [−5.4, 0.0] −11.4 [−15.5,−7.0]∗ −148.8 [−159.4,−140.6]∗ −5.2 [−8.9,−1.5]∗

Qwen3.6-35B-A3B: native → +v12×3 −8.6 [−11.3,−5.7]∗ −18.5 [−23.0,−13.9]∗ −133.9 [−153.8,−119.3]∗ −2.1 [−4.4, 0.6]
Qwen3.5-35B-A3B-Base: native → +v12×2 −18.5 [−21.0,−15.9]∗ −58.8 [−63.7,−54.0]∗ −220.7 [−236.4,−202.3]∗ −38.8 [−42.2,−35.1]∗

Qwen3.6-27B: +v12×3 → +v13×1 −0.3 [−3.3, 3.1] −1.0 [−5.3, 3.5] 4.8 [−5.1, 13.4] −0.3 [−3.9, 3.4]
Qwen3.6-27B → Qwen3.8-27B 12.7 [10.2, 15.4]∗ 17.6 [13.4, 21.7]∗ −140.5 [−150.0,−133.5]∗ −6.3 [−9.5,−3.2]∗

Verified
Qwen3.6-27B: native → +v12×1 19.2 [14.8, 24.2]∗ 24.3 [16.8, 31.4]∗ −116.2 [−131.9,−96.3]∗ −2.7 [−7.5, 2.7]
Qwen3.6-27B: +v12×1 → +v12×2 −1.3 [−6.4, 3.8] −1.7 [−9.6, 6.1] −10.0 [−28.0, 6.3] −2.0 [−7.1, 3.1]
Qwen3.6-27B: +v12×2 → +v12×3 −0.3 [−5.5, 4.7] −2.6 [−10.8, 5.3] 1.4 [−15.2, 17.7] −1.8 [−6.5, 3.0]
Qwen3.6-27B: native → +v12×2 17.9 [13.5, 22.4]∗ 22.6 [15.6, 29.4]∗ −126.2 [−142.3,−108.1]∗ −4.6 [−9.4, 0.1]
Qwen3.6-35B-A3B: native → +v12×3 15.2 [10.4, 19.4]∗ 21.3 [13.6, 28.0]∗ −124.2 [−139.7,−103.7]∗ 4.0 [−0.8, 9.0]
Qwen3.5-35B-A3B-Base: native → +v12×2 15.8 [10.4, 21.0]∗ −10.0 [−18.5,−1.6]∗ −301.3 [−326.7,−275.2]∗ −7.8 [−13.5,−2.2]∗

Qwen3.6-27B: +v12×3 → +v13×1 −0.5 [−5.6, 4.6] −0.1 [−8.0, 7.8] −1.5 [−17.3, 13.7] 1.1 [−3.8, 5.5]
Qwen3.6-27B → Qwen3.8-27B 19.0 [15.0, 23.2]∗ 15.3 [8.8, 21.5]∗ −149.8 [−164.6,−135.1]∗ −6.4 [−11.6,−1.3]∗

Table A9: Change in JS distance to the teacher between arms, d(B)− d(A), in units of 10−3, with the bootstrap
95 % interval (analysis/fp/fp_ci.md, §b; B = 1000 trajectory-level replicates with independent resampling of
both arms, teacher fixed). Negative = B is closer to the teacher. ∗ = the interval excludes 0. The composite (mean of
mix and bigram) is omitted; its intervals are in the source file. On Pro the first epoch moves bigram, Bash, thinking
position and the composite, the second only Bash, the third nothing; on Verified only Bash and (for two of four
checkpoints) thinking position move toward the teacher.

Qwen3.6-27B line

Pool Distance Ruler native +v12×1 +v12×2 +v12×3 monotone epoch-1 share steps ̸= 0

Pro JS mix 0.0188 0.0172 0.0162 0.0158 yes 0.54 nnn
Pro JS bigram 0.0382 0.0281 0.0268 0.0268 yes 0.89 Ynn
Pro JS Bash 0.2020 0.0688 0.0532 0.0502 yes 0.88 YYn
Pro JS think-pos. 0.0162 0.0085 0.0110 0.0102 no 1.28 Ynn
Pro JS composite 0.0285 0.0226 0.0215 0.0213 yes 0.81 Ynn
Pro Hellinger mix 0.1154 0.1123 0.1107 0.1077 yes 0.41 nnn
Pro Hellinger bigram 0.1665 0.1444 0.1428 0.1408 yes 0.86 Ynn
Pro Hellinger Bash 0.3985 0.2397 0.2090 0.2038 yes 0.82 YYn
Pro Hellinger think-pos. 0.1062 0.0767 0.0874 0.0841 no 1.33 Ynn
Pro Hellinger composite 0.1410 0.1283 0.1267 0.1242 yes 0.76 Ynn
Pro total variation mix 0.1074 0.1159 0.0934 0.1107 no 2.55 nYY
Pro total variation bigram 0.1524 0.1452 0.1265 0.1434 no 0.80 nYY
Pro total variation Bash 0.3663 0.1711 0.1350 0.1284 yes 0.82 YYn
Pro total variation think-pos. 0.1214 0.0806 0.0905 0.0878 no 1.21 Ynn
Pro total variation composite 0.1299 0.1305 0.1099 0.1271 no -0.23 nYY

Verified JS mix 0.0310 0.0502 0.0489 0.0486 no 1.10 Ynn
Verified JS bigram 0.0612 0.0855 0.0838 0.0811 no 1.22 Ynn
Verified JS Bash 0.3336 0.2174 0.2074 0.2088 no 0.93 Ynn
Verified JS think-pos. 0.0195 0.0169 0.0149 0.0131 yes 0.41 nnn
Verified JS composite 0.0461 0.0679 0.0663 0.0649 no 1.16 Ynn
Verified Hellinger mix 0.1480 0.1932 0.1899 0.1884 no 1.12 Ynn
Verified Hellinger bigram 0.2139 0.2553 0.2524 0.2479 no 1.22 Ynn
Verified Hellinger Bash 0.5281 0.4236 0.4147 0.4145 yes 0.92 Ynn
Verified Hellinger think-pos. 0.1168 0.1083 0.1018 0.0953 yes 0.40 nnn
Verified Hellinger composite 0.1810 0.2242 0.2212 0.2182 no 1.16 Ynn
Verified total variation mix 0.1609 0.2130 0.2127 0.2118 no 1.02 Ynn
Verified total variation bigram 0.1969 0.2458 0.2439 0.2341 no 1.31 Ynn
Verified total variation Bash 0.4868 0.3747 0.3727 0.3847 no 1.10 Ynn
Verified total variation think-pos. 0.1222 0.1318 0.1250 0.1172 no -1.94 nnn
Verified total variation composite 0.1789 0.2294 0.2283 0.2230 no 1.15 Ynn

Table A10: Epoch ordering along the Qwen3.6-27B line (native, +v12×1, +v12×2, +v12×3) under three distances
to the teacher (fp_ci.md, §c). “monotone” = non-increasing along the epochs; “epoch-1 share” = share of the
native→+v12×3 drop realised by the first epoch; “steps” = whether the bootstrap 95 % interval of each adjacent
step (1→2, 2→3, 3→4) excludes 0 (Y/n). Hellinger preserves every JS ordering; total variation does not preserve
the Pro tool-mix ordering because the SFT arms overshoot the teacher’s Bash share (Table A11).
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Pool Arm Bash Read Edit Write

corpus Teacher 50.7 21.9 21.6 2.1

Pro Qwen3.6-27B 54.5 25.5 11.0 2.5
Pro Qwen3.6-27B+v12×1 62.3 18.8 16.7 1.6
Pro Qwen3.6-27B+v12×2 60.1 20.2 17.4 1.7
Pro Qwen3.6-27B+v12×3 61.8 19.0 16.5 1.9
Pro Qwen3.6-27B+v13×1 61.6 19.0 17.0 1.6
Pro Qwen3.8-27B 62.4 15.0 11.2 3.6
Pro Qwen3.5-35B-A3B-Base 50.2 19.4 21.5 8.6
Pro Qwen3.5-35B-A3B-Base+v12×2 60.8 18.2 18.4 1.7
Pro Qwen3.6-35B-A3B 53.2 24.0 11.7 1.1
Pro Qwen3.6-35B-A3B+v12×3 62.5 18.1 17.0 1.7

Verified Qwen3.6-27B 66.1 20.6 8.9 1.5
Verified Qwen3.6-27B+v12×1 72.0 16.6 11.0 0.2
Verified Qwen3.6-27B+v12×2 72.0 16.6 11.0 0.3
Verified Qwen3.6-27B+v12×3 71.9 17.0 10.6 0.2
Verified Qwen3.6-27B+v13×1 71.8 16.6 11.1 0.2
Verified Qwen3.8-27B 73.6 15.8 7.1 1.5
Verified Qwen3.5-35B-A3B-Base 61.7 17.9 11.6 8.2
Verified Qwen3.5-35B-A3B-Base+v12×2 75.0 14.8 9.8 0.2
Verified Qwen3.6-35B-A3B 65.0 20.3 9.5 0.6
Verified Qwen3.6-35B-A3B+v12×3 71.7 16.4 11.5 0.2

Table A11: Share (%) of tool calls in the four largest tool-mix buckets, trajectory-weighted
(bench/scripts/paper/out/fp_summary.json). The SFT arms overshoot the teacher’s Bash share on Pro
(teacher 50.7 %, Qwen3.6-27B 54.5 %, its +v12×1/+v12×2/+v12×3 checkpoints 62.3/60.1/61.8 %), which a linear
distance registers and JS, dominated by the collapsed small buckets, does not.

Reference n mix bigram Bash think-pos. composite

Same weights run twice (Pro): JS between the two runs, bootstrap 95 % interval
Qwen3.6-35B-A3B, Pro: T=0.8 vs 0.6 731 0.4 [0.2, 1.4] 1.1 [1.0, 3.0] 2.1 [2.3, 23.9] 0.3 [0.2, 1.3] 0.8 [0.6, 2.2]
Qwen3.6-35B-A3B+v12×3, Pro: T=0.8 vs 0.6 731 0.1 [0.1, 0.7] 0.5 [0.4, 1.7] 1.1 [1.4, 6.8] 0.3 [0.3, 1.7] 0.3 [0.2, 1.2]

Split-half within one group: JS between two random halves, mean [2.5 %, 97.5 %] over 200 splits
Qwen3.6-27B (Pro) 362×2 0.4 [0.1, 1.0] 1.2 [0.6, 2.3] 4.5 [1.8, 7.6] 0.6 [0.2, 1.5] 0.8 [0.4, 1.7]
Qwen3.6-27B+v12×2 (Pro) 361×2 0.3 [0.0, 0.8] 1.3 [0.7, 2.1] 3.9 [1.6, 7.5] 1.2 [0.3, 2.8] 0.8 [0.4, 1.4]
Qwen3.8-27B (Pro) 365×2 0.2 [0.0, 0.8] 0.7 [0.3, 1.4] 1.3 [0.6, 2.8] 0.8 [0.2, 1.8] 0.4 [0.2, 1.2]
Qwen3.6-35B-A3B (Pro) 365×2 0.4 [0.1, 0.9] 1.4 [0.8, 2.1] 14.9 [10.7, 20.5] 0.7 [0.2, 1.4] 0.9 [0.5, 1.5]
Teacher, 725-trajectory subsample 362×2 0.5 [0.1, 1.1] 1.7 [0.9, 2.8] 2.4 [0.7, 6.0] 1.5 [0.4, 2.9] 1.1 [0.5, 1.9]
Teacher, high-precision (v12 source) 6128×2 0.0 [0.0, 0.1] 0.1 [0.1, 0.2] 0.1 [0.0, 0.2] 0.1 [0.0, 0.2] 0.1 [0.0, 0.1]

Table A12: Noise references for the fingerprint distances, JS in units of 10−3 (fp_ci.md, §d). The same-weights
repeat runs give the run-to-run floor at the arm sample size (n ≈ 730); the split-half rows give the sampling floor at
half the arm size, for two student arms, the vendor model, the MoE base (whose heterogeneous Bash vocabulary
raises its Bash floor) and the teacher, once subsampled to 725 trajectories and once in full. The “teacher-internal
0.002–0.003” figure quoted elsewhere is the distance between teacher sub-populations, not sampling noise.
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trajectories steps after an error all other steps mean ratio

Group all w/ error n mean med.>0 n mean med.>0 err/other err/ok

Teacher, high-precision (v12 source) 12,257 9,399 28,164 248 145 711,171 726 487 0.34 0.34
Teacher by-product, passed 9,843 5,787 12,349 315 210 447,281 727 444 0.43 0.43
Teacher by-product, failed 10,483 7,950 23,970 297 197 735,848 897 553 0.33 0.33

Pro
Qwen3.6-27B 725 604 1,819 373 86 38,585 359 111 1.04 1.04
Qwen3.6-27B+v12×1 730 514 1,413 589 145 32,449 1257 253 0.47 0.46
Qwen3.6-27B+v12×2 722 450 996 580 133 28,881 1199 253 0.48 0.47
Qwen3.6-27B+v12×3 727 453 971 709 134 31,928 1281 262 0.55 0.54
Qwen3.6-27B+v13×1 731 452 1,153 737 139 33,734 1498 286 0.49 0.48
Qwen3.8-27B 730 550 1,414 1222 196 48,230 2104 344 0.58 0.58
Qwen3.5-35B-A3B-Base 731 719 7,994 567 107 43,945 322 95 1.76 1.84
Qwen3.5-35B-A3B-Base+v12×2 722 601 3,303 624 188 42,459 1308 311 0.48 0.47
Qwen3.6-35B-A3B 731 599 2,012 393 96 40,012 401 113 0.98 0.98
Qwen3.6-35B-A3B+v12×3 731 528 1,554 661 142 38,892 1345 286 0.49 0.48

Verified
Qwen3.6-27B 499 476 2,220 221 65 20,069 378 95 0.58 0.59
Qwen3.6-27B+v12×1 500 445 1,917 415 121 19,779 878 185 0.47 0.46
Qwen3.6-27B+v12×2 494 423 1,394 381 104 18,274 770 200 0.50 0.48
Qwen3.6-27B+v12×3 488 433 1,376 507 104 18,776 834 202 0.61 0.60
Qwen3.6-27B+v13×1 500 436 1,597 540 105 21,112 978 212 0.55 0.55
Qwen3.8-27B 499 470 2,006 886 170 27,817 1906 333 0.46 0.47
Qwen3.5-35B-A3B-Base 500 499 6,005 448 92 26,419 524 100 0.85 0.87
Qwen3.5-35B-A3B-Base+v12×2 500 458 3,126 648 176 31,918 1168 289 0.55 0.55
Qwen3.6-35B-A3B 500 487 2,804 390 72 23,222 417 96 0.94 0.94
Qwen3.6-35B-A3B+v12×3 500 455 1,944 589 108 28,372 1068 232 0.55 0.54

Table A13: Absolute post-error thinking (fp_ci.md, §e): thinking characters per assistant step when the previous
step returned at least one tool error versus every other step. “med.>0” = median over steps that carry a thinking
block; “err/ok” divides by steps that follow a clean tool step (the react_ratio of fp_pooled.json). After SFT
the student thinks more after an error in absolute terms (Qwen3.6-27B 373 → Qwen3.6-27B+v12×2 580 on Pro)
and the ratio falls because ordinary-step thinking rises more; what transfers is the teacher’s pattern of less thinking
after errors than on ordinary steps.

Python Go JS/TS Python ref., Pro-Python Python ref., Verified

Arm comp. Bash n comp. Bash n comp. Bash n comp. Bash comp. Bash

Qwen3.6-27B 0.0286 0.341 262 0.0283 0.217 278 0.0384 0.237 185 0.0267 0.176 0.0369 0.136
Qwen3.6-27B+v12×1 0.0319 0.146 265 0.0178 0.079 280 0.0232 0.118 185 0.0186 0.055 0.0488 0.083
Qwen3.6-27B+v12×2 0.0328 0.133 262 0.0177 0.066 278 0.0201 0.105 182 0.0195 0.052 0.0476 0.073
Qwen3.6-27B+v12×3 0.0309 0.127 263 0.0177 0.063 279 0.0200 0.100 185 0.0178 0.045 0.0465 0.071
Qwen3.6-35B-A3B 0.0358 0.317 266 0.0335 0.205 280 0.0418 0.251 185 0.0382 0.157 0.0388 0.134
Qwen3.6-35B-A3B+v12×3 0.0304 0.141 266 0.0158 0.072 280 0.0220 0.115 185 0.0172 0.057 0.0460 0.082
Qwen3.8-27B 0.0466 0.126 266 0.0456 0.085 280 0.0438 0.100 184 0.0464 0.041 0.0525 0.076

Table A14: Per-language strata on SWE-bench Pro (bench/scripts/paper/out/lang_robustness.json): com-
posite and Bash-vocabulary JS to the pooled teacher within each language slice (n = trajectories in the slice). The
last four columns use a Python-only teacher reference (n = 574 teacher trajectories) for the Pro Python slice and for
SWE-bench Verified. Bash vocabulary converges inside every language (Qwen3.6-27B →Qwen3.6-27B+v12×2:
Python 0.341→0.133, Go 0.217→0.066, JS/TS 0.237→0.105); with the Python reference the composite falls on
Pro-Python (0.0267→0.0195→0.0178) but rises on Verified.
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Qwen3.6-27B

Metric native +v12×2 +v12×2:native sign p

files read 11.000 7.000 7:73 < 0.001
read precision 0.500 0.800 75:8 < 0.001
read recall 0.857 0.800 18:30 0.111
read Jaccard 0.444 0.604 66:15 < 0.001

control: other task 0.000 0.000 4:9 0.267
control: same repo 0.029 0.032 45:38 0.510

files edited 6.000 5.000 26:34 0.366
edit precision 0.809 0.857 42:21 0.011
edit recall 0.833 1.000 30:13 0.014
edit Jaccard 0.652 0.750 44:24 0.021

control: other task 0.000 0.000 6:7 1.000
control: same repo 0.021 0.030 49:29 0.031

Table A15: Same-task anchor, read and edit file sets
against the teacher’s on the 88 v12 training tasks
(analysis/fp/anchor_diag.md, §b; per-rollout met-
ric → per-task median → median over tasks; means are
in the source file; three rollouts per task). Teacher medi-
ans: 6 files read, 5 edited. “+v12×2:native” counts tasks
on which each arm is higher; sign p = two-sided sign
test. Controls: Jaccard against another task’s teacher
set and against a same-repository different-task teacher
set. The student reads fewer files and they are the
teacher’s files; the Jaccard gain survives on the 15 tasks
where Qwen3.6-27B+v12×2 reads as many or more
files (+0.054, 8:3).
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k/n mean solve (%) sign test W:L:T (p)

Rule native +v12×2 native +v12×2 ∆ (pp) 95 % int. task means task majority

all rollouts, void dropped 145/263 161/259 55.3 61.6 +6.2 [−0.0, +12.3] 24:13:51 (0.099) 14:5:69 (0.064)
first 3, void = unsolved 145/264 161/264 54.9 61.0 +6.1 [−0.0, +12.1] 25:13:50 (0.073) 13:5:70 (0.096)
first 3, void dropped 145/263 161/259 55.3 61.6 +6.2 [−0.0, +12.3] 24:13:51 (0.099) 14:5:69 (0.064)

Table A16: Same-task anchor (Qwen3.6-27B native versus +v12×2), solve rate under the three accounting rules that
produced the two published p-values (anchor_diag.md, §c). “void” = a trial with no session files and no verdict
(one Qwen3.6-27B trial; five Qwen3.6-27B+v12×2 trials without a verdict, four of them without session files).
The interval is a plain task bootstrap (5000 draws) of the mean per-task difference, not a stratified estimate. Sign
tests are exact and two-sided (wins:losses:ties). Per-task ∆solve against ∆read-Jaccard: Spearman ρ = −0.12
(task-bootstrap 95 % interval [−0.31, 0.08]).
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C Additional analyses1140

Funnel, drop rules and rule impact. Table A171141

tabulates the v12 funnel of §3 with the v13 column1142

and the message-level loss masks; Table A18 lists1143

the ten v12 P0 drop rules with their thresholds, hits1144

and sole hits, and Table A19 gives the numbers1145

behind Figure 2: for each active v12 rule family,1146

the rows it touches and removes alone, the median1147

step count and thinking share of the removed rows,1148

their JS distance to the kept set on tool mix and1149

Bash head-words next to the size-matched random-1150

removal floor, and their protocol-error recovery.1151

Leak audit and decontamination. A golden-1152

patch leak audit with three negative-control chan-1153

nels (network, local git history, package manager)1154

leaves every conclusion unchanged on the clean1155

subsets. At the instance level the corpus shares no1156

task with either pool: 0 title matches, a maximum1157

task-description Jaccard of 0.21 and 0 commit-1158

SHA hits; the SWE-bench Verified repositories1159

have 0 overlap with the corpus. At the repository1160

level one SWE-bench Pro repository, teleport,1161

appears in the corpus with 1,622 teacher trajecto-1162

ries (1,309 pull requests) and supplies 76 of the 7311163

Pro tasks; the teleport-excluded tests (Tables A5,1164

A6) change no decision.1165

Cost decomposition. Figure A8 bridges the me-1166

dian cumulative input of §6 through its two factors1167

and splits tool-output characters by source. On the1168

MoE line, replicated in both runs, whole-file reads1169

fall from 7,293 to 2,578 at unchanged size per read1170

(8,975→8,516 characters), reads with a line limit1171

rise from 37 to 64 % and commands with truncation1172

pipes from 47 to 68 % (Table A22), observations of1173

≥20k characters fall by 72 %, and whole-file reads1174

account for 78 % of the drop (74 % on the dense1175

line).1176

Regression and compaction. Table A20 gives1177

the SWE-bench Verified regression rates: among1178

unsolved trials the share that breaks a previously1179

passing test follows capability (Qwen3.5-35B-1180

A3B-Base 37.7 % and 31.0 % after v12, Qwen3.6-1181

35B-A3B 28.3 % and 27.1 % after v12, Qwen3.6-1182

27B 24.0 %, Qwen3.8-27B 16.8 %); the solved-1183

group rate is 0 by construction and is not a merit.1184

Table A21 and Figure A9b give context compaction1185

and peak context: it fired in 52 of 13,733 trials1186

(0.4 %; 57 events), half of the trials peak below1187

65k tokens and 99 % below 181k against a trigger1188

near 218k, so compaction is not a confound of the 1189

token-footprint results. 1190

Protocol errors and edit rework. Figure A9a 1191

draws the error taxonomy; Table A22 pools the er- 1192

ror and editing rates, and Table A23 the next action 1193

after an error. Recovery within three calls is teacher 1194

0.603, Qwen3.6-27B 0.299, Qwen3.6-35B-A3B 1195

0.329, the distilled arms 0.580–0.625 and Qwen3.8- 1196

27B 0.338; after an error the teacher retries ver- 1197

batim 1 % of the time, changes parameters 62 % 1198

and switches tool 38 % (Qwen3.6-27B+v12×2 1199

63/37, Qwen3.6-27B 53/46), the same measure- 1200

ment seen from another angle. Edit rework falls 1201

from Qwen3.6-27B 0.036 to Qwen3.6-27B+v12×2 1202

0.025 (teacher 0.017) and from Qwen3.6-35B- 1203

A3B 0.050 to Qwen3.6-35B-A3B+v12×3 0.039; 1204

Qwen3.8-27B’s 0.012 is discounted because it 1205

prefers whole-file Write (22 % of its writes; 1206

teacher 8.5 %). Write-without-read rates (Ta- 1207

ble A22): the bare base falls from 21.3 to 6.5 % 1208

after v12, the post-trained MoE rises from 5.9 1209

to 9.2 %, and the dense line stays at 8.6–10.7 % 1210

against the teacher’s 11.0 %, so the habit converges 1211

on the teacher’s rate from both directions on the 1212

MoE lines and is already there on the dense line. 1213

Reading local git history, absent from the corpus 1214

and forbidden by the task instruction, drops from 1215

140 to 92 trajectories (−34%) on the MoE line in 1216

both runs. The 1,106 Edit parameter-name errors 1217

of the bare base are not corpus content: the offend- 1218

ing names occur 0 times in the corpus’ 474,417 1219

tool calls. 1220

Dense versus sparse. Table A24 compares the 1221

dense and the sparse student at equal genera- 1222

tion and after the same corpus: native, Qwen3.6- 1223

27B beats Qwen3.6-35B-A3B by +3.97 pp on 1224

Pro and +5.40 pp on Verified; after the same 1225

corpus Qwen3.6-27B+v12×3 − Qwen3.6-35B- 1226

A3B+v12×3 is +2.19 pp on Pro (p = 0.137) and 1227

+8.20 pp on Verified. The difference has the same 1228

sign on both pools, is established on Verified and 1229

unresolved on Pro; behaviour follows the recipe 1230

(Appendix B), the score follows the architecture 1231

where it is resolved. 1232

Teacher failures. The teacher’s failed trajecto- 1233

ries differ from its successes in quantity, not habit: 1234

about twice the rounds (median 128 vs 76–102) 1235

with correspondingly more output and thinking to- 1236

kens, while the by-product passed and failed popu- 1237

lations sit at composite JS 0.0021 and 0.0026 from 1238
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moves the opposite way (3.27 to 4.41 M). (b) Tool-output characters by source over all trials: whole-file reads carry
74 % of the dense-line drop, while limited reads and truncation pipes (strip: diamonds = pipes, circles = limited
reads; dashed = teacher) rise to the teacher’s level after one epoch.
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Figure A9: (a) Tool calls returning an error on SWE-bench Pro, split into protocol errors the harness rejects and
commands that ran and failed, with protocol-error recovery@3 above each bar: fine-tuning leaves the error rate
roughly in place and doubles recovery (natives 0.30–0.34, fine-tuned arms 0.58–0.62, teacher 0.60). (b) Peak context
per trial (p50, p90, p99; both pools) against the ≈218k auto-compaction trigger.

the high-precision population (Bash 0.0070 and1239

0.0024), the teacher-internal floor of Table A12.1240

D Reproducibility1241

Training. Every student is trained with ms-swift1242

on a Megatron backend with tensor parallelism 4,1243

context parallelism 2 and micro-batch 1 (global1244

batch 64), sequence length 196,608 tokens, opti-1245

mizer state offloaded to CPU, on nodes of eight1246

A100-80GB GPUs. Sequences are pre-paired for1247

the two context-parallel ranks (seed 42) and each1248

epoch is an independent shuffle of the pairs, so one1249

epoch of v12 is 127 updates (8,120 rows at a global 1250

batch of 64, the last batch partial); the checkpoints 1251

were saved at updates 128 and 256, one update 1252

past the first and second epoch boundaries, and 1253

at 381, the end of training; Qwen3.6-27B+v13×1 1254

runs 362 updates. Learning-rate schedules are co- 1255

sine with 5 % warm-up: 8× 10−6 → 2.4× 10−6 1256

for the post-trained bases, 8×10−6 → 8×10−7 for 1257

Qwen3.6-27B+v13×1, and 3× 10−5 → 3× 10−6 1258

for the bare base; weight decay is 0.01. Rows 1259

are rendered with the Qwen3.5 chat template; the 1260

teacher’s raw thinking is kept as the thinking block 1261
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Funnel stage v12 removed v13 removed Loss mask (message level) rows

High-precision passes 12,257 – 12,257 – harness_error 4,513
Vendor removal (answer fetches) 12,036 221 – – ignored_cwd 2,543
P0 drop rules 8,601 3,435 9,880 2,377 assert_removed 582
Same-task cap ≤ 2 8,562 39 none – harness_internal 502
By-product rows added – – +14,081 – silence 479
Train / val split (task level) 8,137 / 425 – 23,238 / 723 – summary_think 258
262,144-token cap 8,137 / 425 0 / 0 23,236 / 723 2 / 0 dup_repeat 155
196,608-token cap 8,120 / 424 17 / 1 23,146 / – 90 / – grader_config 39

network 7

rows with ≥ 1 mask (of 8,137) 5,528

Table A17: The v12 curation funnel with the v13 column (left; the 3,435 P0 drops are 28.5 % of the scanned rows;
v13 adds 7,503 by-product passes and 6,578 failures) and the message-level loss masks among the v12 survivors
(right). The ten P0 drop rules with thresholds and hit counts are listed in Table A18 (Appendix C). Masks remove
loss from 11,713 of 437,589 assistant text segments and 16,856 of 474,417 tool-call segments; context is kept. The
v13 validation count at the 196,608-token cap is not recorded.

Drop rule (P0) Threshold Hits Sole

raw_thinking_low raw-thinking length coverage < 0.98, or a vendor thinking
code

2,681 2,173

vendor_sourcing_mark any of three vendor sourcing codes 823 438
content_leak_same_task a sibling trajectory of the same task leaked (186 tasks) 169 18
answer_source_fetch answer-source URL of the task’s own repository or fork 128 0
sandbox_escape MITM CA variables, –trusted-host, –no-hashes, TLS off 99 27
integrity_policy_violation policy clause ∧ (answer fetch ∨ own-repo clone) 80 0
content_leak_tool_return run of golden lines ≥ max(8, ⌈0.5 · golden⌉) inside one tool

return
55 11

multi_user_turn more than one real user turn 38 25
upstream_clone git clone/fetch/ls-remote of the own repository 29 0
gold_test_fetch ≥ 10 gold-test lines returned by an external call 1 0
skip_injected / broken_trace /
subagent_dangling

skip on a F2P test / unpaired call id / agent without result 0 0

Demote (kept) huge_patch 478, tiny_patch 389, memorized_upstream
291, git_all_refs 219, meta_grader_shrunk_scope 214,
leak_in_think 122, unverified_success_claim 28,
tool_protocol_unclosed 1

1,050 –

Table A18: The v12 P0 drop rules with thresholds, hits over the 12,036 scanned rows and sole hits. “Sole” counts
rows on which no rule of any tier fires besides this one (the build report’s definition); Table A19 reports the larger
“alone” count, which allows demote flags to co-occur. The demote tier flags 1,050 rows and keeps them.

(rows whose thinking survives only in summarized1262

form are removed by the thinking-coverage rule),1263

and loss falls on assistant text, thinking and tool1264

calls except masked segments (§3).1265

Serving and evaluation. Every arm runs inside1266

Claude Code 2.1.202 driven by a task runner that1267

gives each trial a fresh container, a 262,144-token1268

context with automatic compaction and a 5,400-1269

second wall-time limit; students are served by1270

SGLang behind an adapter that exposes the An-1271

thropic Messages API and passes thinking blocks1272

through unchanged, and the next Qwen generation1273

is served the same way. Sampling is at tempera-1274

ture 0.8, one rollout per task, and the two repeat-1275

sample arms are second runs of the same weights;1276

the added instruction forbids looking up the fix 1277

over the network or in the repository’s git history, 1278

and network access is otherwise unrestricted. Out- 1279

comes are the benchmark’s hidden tests; a trial that 1280

times out or crashes counts as unsolved. 1281

Release. This submission releases the fingerprint 1282

extractor, the per-arm behavioral distributions, the 1283

curation rule definitions with their thresholds and 1284

hit counts, the rule-impact analysis, the evaluation 1285

ledgers with per-task outcomes for all twelve arms, 1286

and the scripts that generate every table and fig- 1287

ure in this paper. Release of the corpus and the 1288

checkpoints is not part of this submission. 1289
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Rule family touched alone % drops steps think JS mix / floor JS heads / floor recovery@3

raw_thinking_low 2,681 2,450 71.3 68 0.897 0.005 / 0.000 0.015 / 0.000 0.68
vendor_sourcing_mark 823 493 14.4 79 0.899 0.010 / 0.000 0.039 / 0.001 0.52
leak family (6 rules) 224 45 1.3 64 0.896 0.021 / 0.000 0.046 / 0.002 0.24
sandbox_escape 99 31 0.9 84 0.896 0.008 / 0.001 0.105 / 0.005 0.71
multi_user_turn 38 27 0.8 55 0.863 0.005 / 0.002 0.059 / 0.013 0.67

Table A19: What each v12 drop rule removes (12,036 scanned rows, 3,435 dropped). “touched”: dropped rows the
family flags; “alone”: dropped rows on which no other drop-tier rule fires (demote flags may co-occur, so it exceeds
the “sole” count of Table A18; for the leak family the six rules overlap, so its alone count exceeds the sum of the
rules’ sole counts); steps and think = median step count and thinking share of the removed rows (kept set: 44 steps,
0.838); JS = Jensen–Shannon distance (log2) of the removed rows’ tool mix and Bash head-word distribution to
the kept set, next to the size-matched random-removal floor; recovery@3 = protocol-error recovery within three
calls (kept 0.60). The thinking-coverage floor removes volume with the smallest tool-mix shift of any family (still
above its random-removal floor) but takes the longest, most think-heavy trajectories; the sourcing rules remove a
Bash-heavier profile with poor recovery; the demote tier removes nothing and the cap removes 39 rows.

regressed solved unsolved

Arm applied n % % n %

Qwen3.6-27B
native 496 37 7.5 0.0 154 24.0
+v12×1 491 41 8.4 0.0 151 27.2
+v12×2 494 42 8.5 0.0 151 27.8
+v12×3 486 30 6.2 0.0 130 23.1
+v13×1 494 43 8.7 0.0 163 26.4

Qwen3.5-35B-A3B-Base
native 491 87 17.7 0.0 231 37.7
+v12×2 477 62 13.0 0.0 200 31.0

Qwen3.6-35B-A3B
native 488 49 10.0 0.0 173 28.3
+v12×3 496 49 9.9 0.0 181 27.1

Qwen3.8-27B
native 484 19 3.9 0.0 113 16.8

Table A20: Regression on SWE-bench Verified
(regression_summary.md): among trials whose patch
applied, the share whose verifier report lists at least
one failing PASS_TO_PASS test, overall and within the
solved and unsolved groups. Every produced patch ap-
plied (0 missing, 0 non-applying in 4,897 graded trials);
trials without a verifier report (grader failure or trial ex-
ception; 0–23 per arm) are excluded. The solved-group
rate is 0 by construction of the verdict; the unsolved-
group rate follows capability. The harness never fills
PASS_TO_FAIL, so this is the only regression signal.

E Same-pool anchors1290

Teacher on the benchmark. Claude Opus 4.8,1291

driven by the same Claude Code version, effort1292

high, with the same added instruction and wall-1293

time limit as the students, ran once on 359 SWE-1294

bench Pro tasks (four stratified batches and a fifth1295

block of 92 tasks drawn the same way, teleport ex-1296

cluded and every arm valid; 149 easy, 64 medium1297

and 146 hard by the number of arms that solved1298

them, against 305/133/293 in the full pool). Its 1299

thinking is returned encrypted by the harness, so 1300

only tool-based rulers and scalars are defined for 1301

this reference; every trial has a verdict. Table A26 1302

gives each arm’s distance to the teacher’s own tra- 1303

jectories on the same tasks next to its distance 1304

to the corpus reference, Table A27 the read-set 1305

and edit-set overlap on the same tasks, and Ta- 1306

ble A28 pass@1 and the bundle scalars on the 1307

359. The teacher’s pass@1 on these public tasks 1308

is contaminated and difficulty-stratified and is re- 1309

ported only to place the arms; the dense line does 1310

not move on this subset (+3.1 pp for Qwen3.6- 1311

27B+v12×2 against Qwen3.6-27B, 26:15 discor- 1312

dant) while both MoE pairs do (+7.2 and +4.5 pp), 1313

and per-task read-overlap gains do not track per- 1314

task solve gains (Spearman ρ = 0.03). 1315

Held-out validation tasks. The 345 tasks are 1316

the validation split of the v12 corpus that passed 1317

the oracle gate (Go 166, TypeScript 52, Python 1318

32, other 95); the teacher’s trajectory on each 1319

is a high-precision pass that no student trained 1320

on, and the reference for the same-pool dis- 1321

tances is the teacher’s own 345 trajectories, which 1322

are 0.0012 (composite) from the pooled cor- 1323

pus. Table A29 gives the distances and floors 1324

and Table A30 pass@1, overlap and the bundle 1325

scalars; the composite distance falls from 0.051 1326

to 0.006 at one epoch and moves by ±0.001 af- 1327

terwards, and the drop reproduces in every lan- 1328

guage stratum at the first epoch (native to Qwen3.6- 1329

27B+v12×1: Go 0.049 to 0.009, TypeScript 0.088 1330

to 0.007, Python 0.071 to 0.005, other 0.047 to 1331

0.010). pass@1 on the 345 is 50.7 % for Qwen3.6- 1332

27B and 52.2–56.5 % for the v12 and Qwen3.6- 1333

27B+v13×1 checkpoints, not ordered by dose 1334
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auto-compaction peak context per trial (tokens)

Arm trials trials % events med. dropped p50 p90 p99 max ≥200k

Qwen3.8-27B 1,231 7 0.6 8 207,101 94,990 149,116 201,890 217,745 13
Qwen3.6-27B 1,224 1 0.1 1 206,815 72,090 119,223 163,372 217,464 2
Qwen3.6-27B+v12×1 1,230 1 0.1 1 212,475 49,319 96,347 146,883 217,375 2
Qwen3.6-27B+v12×2 1,216 0 0.0 0 – 49,441 90,633 129,461 160,210 0
Qwen3.6-27B+v12×3 1,215 1 0.1 1 215,781 51,288 93,070 136,563 217,737 1
Qwen3.6-27B+v13×1 1,231 1 0.1 1 215,251 52,648 104,049 159,340 217,710 4
Qwen3.5-35B-A3B-Base 1,231 9 0.7 9 209,962 76,324 120,304 207,789 217,809 14
Qwen3.5-35B-A3B-Base+v12×2 1,231 13 1.1 15 210,696 62,097 139,647 215,130 217,875 23
Qwen3.6-35B-A3B 1,231 2 0.2 2 206,787 74,149 120,167 166,750 217,121 4
Qwen3.6-35B-A3B (repeat) 731 3 0.4 3 207,060 85,852 129,751 185,556 217,145 3
Qwen3.6-35B-A3B+v12×3 1,231 13 1.1 15 213,152 56,557 115,852 212,383 217,713 16
Qwen3.6-35B-A3B+v12×3 (repeat) 731 1 0.1 1 211,761 62,366 121,007 170,054 217,492 1

All arms 13,733 52 0.4 57 210,222 – – – – –

Table A21: Context compaction across the twelve arms and both pools (compaction_summary.md):
compact_boundary records in the Claude Code session files. All 57 events were automatic (none manual); one
event drops a median 210k tokens (preTokens median 218,365 → postTokens ≈8k). Peak context = maximum
over a trial’s requests of input + cache-creation + cache-read tokens; the observed trigger is ≈218k, so compaction
is excluded as a confound rather than compared as a performance dimension. Trials that compacted solve less often
(15.7 % vs 55.1 %), a selection effect of long-context tasks.

tool errors (% of calls) editing (% of edits)

Group any protocol command recovery@3 re-edit rework revert no-read Write share trunc. pipes read w/ limit

Teacher, high-precision 3.7 1.6 2.1 0.603 55.1 1.7 0.5 11.0 8.5 67.2 65.1
Teacher by-product, passed 2.6 1.0 1.6 0.727 55.1 0.8 0.3 10.0 8.0 69.1 62.4
Teacher by-product, failed 3.1 1.3 1.7 0.692 56.9 1.5 0.5 13.0 11.6 68.8 62.2

Pro
Qwen3.6-27B 4.0 0.9 3.1 0.299 57.6 3.6 0.8 10.7 17.5 43.2 33.7
Qwen3.6-27B+v12×1 4.1 1.0 3.1 0.605 63.5 3.0 0.9 8.7 9.1 63.5 61.4
Qwen3.6-27B+v12×2 3.3 0.9 2.4 0.580 60.9 2.5 1.0 9.1 9.2 64.9 55.6
Qwen3.6-27B+v12×3 2.9 0.8 2.1 0.625 61.4 2.8 0.8 10.1 10.3 65.1 59.9
Qwen3.6-27B+v13×1 3.2 1.0 2.3 0.599 63.5 2.8 1.3 8.6 8.7 64.7 59.7
Qwen3.8-27B 2.4 0.5 1.9 0.338 59.7 1.2 0.3 17.7 22.0 66.7 36.0
Qwen3.5-35B-A3B-Base 15.7 6.3 9.2 0.305 75.2 15.6 9.0 21.3 24.1 20.6 51.1
Qwen3.5-35B-A3B-Base+v12×2 7.0 3.6 3.5 0.577 70.6 3.8 1.3 6.5 9.0 66.9 69.1
Qwen3.6-35B-A3B 4.2 1.0 3.2 0.329 63.0 5.0 1.0 5.9 9.2 47.1 36.9
Qwen3.6-35B-A3B+v12×3 3.8 1.2 2.6 0.593 67.5 3.9 1.7 9.2 9.3 68.3 64.0
Qwen3.6-35B-A3B (repeat) 3.8 1.0 2.8 0.361 63.7 5.0 1.2 5.3 9.2 47.5 35.6
Qwen3.6-35B-A3B+v12×3 (repeat) 3.4 1.1 2.4 0.580 66.4 3.8 1.7 8.5 8.8 68.6 62.7

Verified
Qwen3.6-27B 9.8 0.4 9.4 0.448 49.5 10.3 1.8 10.6 18.4 44.3 75.1
Qwen3.6-27B+v12×1 8.9 1.6 7.4 0.273 60.9 17.9 11.8 3.1 2.7 62.6 93.4
Qwen3.6-27B+v12×2 7.2 0.7 6.5 0.709 54.5 9.3 2.4 3.0 3.1 64.1 91.5
Qwen3.6-27B+v12×3 6.9 0.7 6.2 0.578 52.6 7.5 2.8 3.6 3.0 62.8 91.8
Qwen3.6-27B+v13×1 7.1 0.8 6.3 0.567 56.0 9.5 3.7 2.9 2.7 63.4 93.6
Qwen3.8-27B 6.4 0.5 5.9 0.345 47.0 3.3 1.1 18.5 20.3 57.9 79.6
Qwen3.5-35B-A3B-Base 18.9 1.6 17.3 0.389 63.5 27.6 9.8 35.8 40.8 17.3 69.9
Qwen3.5-35B-A3B-Base+v12×2 9.0 2.4 6.5 0.629 66.1 8.8 3.2 4.1 4.9 64.0 93.9
Qwen3.6-35B-A3B 10.5 1.2 9.3 0.232 60.1 20.7 10.3 6.2 7.9 46.1 81.8
Qwen3.6-35B-A3B+v12×3 6.5 1.0 5.5 0.673 65.5 12.2 4.3 3.5 3.2 63.9 94.9

Table A22: Protocol-error taxonomy and edit rework, pooled over all trajectories of a group (fp_pooled.json).
“any” = tool calls returning an error; “protocol” = calls the harness rejects (malformed or missing parameters);
“command” = commands that ran and failed; recovery@3 = share of protocol errors followed within three calls by a
successful call of the same tool on the same target. “re-edit” = edits touching a file already edited in the trajectory;
“rework” = editing what one just wrote; “revert” = an edit undone by a later edit; “no-read” = edits without a prior
read of the file; “Write share” = whole-file writes among edits; “trunc. pipes” = commands with a truncation pipe
(head, tail, . . . ); “read w/ limit” = reads with a line limit.

(Qwen3.6-27B+v12×1 highest); the two MoE1335

arms, Qwen3.6-35B-A3B and Qwen3.5-35B-A3B-1336

Base+v12×2, start from different bases and are1337

reported without a pairing.1338
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Group traj. verbatim changed switch no tool end

Teacher, high-precision 9,399 0.5 61.6 37.7 0.1 0.0
Teacher by-product, passed 5,787 0.2 62.5 37.1 0.2 0.0
Teacher by-product, failed 7,950 0.3 61.6 38.0 0.2 0.0

Pro
Qwen3.6-27B 604 0.2 53.3 46.3 0.2 0.0
Qwen3.6-27B+v12×1 514 0.2 69.1 30.5 0.2 0.0
Qwen3.6-27B+v12×2 450 0.2 62.5 37.0 0.3 0.0
Qwen3.6-27B+v12×3 453 0.1 65.0 34.8 0.1 0.0
Qwen3.6-27B+v13×1 452 0.8 67.5 31.0 0.6 0.1
Qwen3.8-27B 550 0.0 59.7 40.2 0.0 0.1
Qwen3.5-35B-A3B-Base 719 1.3 31.9 66.0 0.8 0.0
Qwen3.5-35B-A3B-Base+v12×2 601 1.7 69.2 29.1 0.1 0.0
Qwen3.6-35B-A3B 599 0.2 57.3 42.4 0.0 0.0
Qwen3.6-35B-A3B+v12×3 528 0.6 63.3 35.4 0.7 0.0

Verified
Qwen3.6-27B 476 0.6 80.4 18.9 0.0 0.0
Qwen3.6-27B+v12×1 445 0.8 88.7 10.2 0.3 0.0
Qwen3.6-27B+v12×2 423 0.4 88.4 10.7 0.5 0.0
Qwen3.6-27B+v12×3 433 0.2 90.0 9.6 0.3 0.0
Qwen3.6-27B+v13×1 436 1.2 89.3 9.4 0.1 0.0
Qwen3.8-27B 470 0.1 85.3 14.4 0.1 0.0
Qwen3.5-35B-A3B-Base 499 0.8 62.2 36.6 0.3 0.0
Qwen3.5-35B-A3B-Base+v12×2 458 2.2 84.4 12.7 0.6 0.0
Qwen3.6-35B-A3B 487 0.3 83.1 16.6 0.0 0.0
Qwen3.6-35B-A3B+v12×3 455 0.8 83.0 15.5 0.6 0.0

Table A23: Next action after a tool error, as a share (%) of post-error steps averaged over trajectories with at least
one error (fp_summary.json, err_next): the same call repeated verbatim, the same tool with changed parameters,
a different tool, no tool call, or the trajectory ends. This is the recovery measure of §5 seen from another angle.

Comparison (A−B) Pool pass@1 A pass@1 B b c ∆ (pp) p

native, same generation
Qwen3.6-27B − Qwen3.6-35B-A3B Pro 50.1 46.1 70 41 +3.97 0.008
Qwen3.6-27B − Qwen3.6-35B-A3B Verified 68.4 63.0 64 37 +5.40 0.009

after the same corpus
Qwen3.6-27B+v12×3 − Qwen3.6-35B-A3B+v12×3 Pro 51.0 48.8 59 43 +2.19 0.137
Qwen3.6-27B+v12×3 − Qwen3.6-35B-A3B+v12×3 Verified 71.2 63.0 64 23 +8.20 1.27× 10−5

next generation vs distilled MoE
Qwen3.8-27B − Qwen3.6-35B-A3B+v12×3 Pro 55.7 48.8 80 30 +6.84 2.02× 10−6

Qwen3.8-27B − Qwen3.6-35B-A3B+v12×3 Verified 74.2 63.0 72 16 +11.20 1.19× 10−9

generation jump, dense
Qwen3.8-27B − Qwen3.6-27B Pro 55.7 50.1 75 34 +5.61 1.07× 10−4

Qwen3.8-27B − Qwen3.6-27B Verified 74.2 68.4 57 28 +5.80 0.002

Table A24: Dense versus sparse at equal generation and after the same corpus, and the vendor generation jump
(data/report_excerpt.json; exact McNemar, pool denominators 731 / 500, missing = unsolved). The four
generation/architecture rows of Table A1 give the Holm-adjusted values. Behaviour follows the recipe (Appendix B);
the score difference between the dense and the sparse student has the same sign on both pools, is established on
Verified and unresolved on Pro.
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Arm steps ctx (k) input (M) output (k)

Qwen3.6-27B
native 53 85 3.27 13.7
+v12×1 40 57 1.69 17.7
+v12×2 36 57 1.52 15.9
+v12×3 39 59 1.75 17.3
+v13×1 39 61 1.80 19.0

Qwen3.5-35B-A3B-Base
native 62 79 3.40 18.4
+v12×2 50 66 2.44 23.3

Qwen3.6-35B-A3B
native 51 87 3.27 14.1
+v12×3 45 63 2.05 21.1
native (repeat) 51 86 3.13 13.6
+v12×3 (repeat) 44 62 2.01 20.0

Qwen3.8-27B
native 60 109 4.41 46.8

Table A25: Per-task medians on SWE-bench Pro: assis-
tant steps, context of the final request (thousand tokens),
cumulative input tokens (million; the ledger of §6) and
output tokens (thousand, including thinking). Output
rises by 16–49 % on the fine-tuned arms while input
falls by 28–53 %; Qwen3.8-27B emits 3.4× the native
dense model’s output.
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tool mix tool bigrams Bash heads composite

Arm same off floor same off floor same off floor same off

Qwen3.6-27B
native 0.0451 0.0190 0.0007 0.0803 0.0406 0.0021 0.1319 0.2163 0.0098 0.0627 0.0298
+v12×1 0.0069 0.0161 0.0007 0.0134 0.0281 0.0021 0.0066 0.0722 0.0074 0.0102 0.0221
+v12×2 0.0046 0.0152 0.0006 0.0093 0.0262 0.0021 0.0050 0.0501 0.0105 0.0069 0.0207
+v12×3 0.0069 0.0160 0.0006 0.0135 0.0284 0.0021 0.0048 0.0547 0.0066 0.0102 0.0222
+v13×1 0.0066 0.0141 0.0011 0.0129 0.0249 0.0028 0.0072 0.0576 0.0117 0.0097 0.0195

Qwen3.6-35B-A3B
native 0.0589 0.0244 0.0007 0.0984 0.0441 0.0027 0.1075 0.2050 0.0116 0.0787 0.0342
native (repeat) 0.0656 0.0277 0.0008 0.1068 0.0492 0.0031 0.1129 0.2076 0.0132 0.0862 0.0385
+v12×3 0.0066 0.0158 0.0007 0.0143 0.0261 0.0020 0.0074 0.0575 0.0085 0.0105 0.0209
+v12×3 (repeat) 0.0060 0.0132 0.0007 0.0127 0.0225 0.0021 0.0113 0.0663 0.0138 0.0094 0.0178

Qwen3.5-35B-A3B-Base
native 0.0222 0.0323 0.0005 0.0698 0.0860 0.0019 0.2023 0.3031 0.0196 0.0460 0.0591
+v12×2 0.0071 0.0113 0.0007 0.0146 0.0207 0.0023 0.0097 0.0594 0.0134 0.0109 0.0160

Qwen3.8-27B
native 0.0609 0.0320 0.0004 0.0982 0.0570 0.0012 0.0199 0.0657 0.0031 0.0796 0.0445

Table A26: Same-pool anchor on SWE-bench Pro: Jensen–Shannon distance (log2) from each arm's 359 trajectories
to the teacher's own trajectories on the same 359 tasks (same) and to the pooled high-precision corpus reference
(off), with the arm's split-half floor (200 random halves). The teacher on the benchmark is at 0.0184 / 0.0321 /
0.0545 (mix / bigram / Bash) from its own corpus. Thinking rulers are undefined for this reference (the teacher's
thinking is not returned by the harness).

files read files edited

Arm n precision recall Jaccard mean control n Jaccard mean

Qwen3.6-27B
native 8 0.50 1.00 0.50 0.478 0.019 3 0.60 0.620
+v12×1 5 0.75 0.89 0.63 0.611 0.016 3 1.00 0.762
+v12×2 5 0.75 0.88 0.60 0.606 0.018 3 0.83 0.755
+v12×3 5 0.75 0.86 0.60 0.578 0.019 3 0.80 0.740
+v13×1 5 0.73 0.88 0.60 0.598 0.018 3 0.82 0.743

Qwen3.6-35B-A3B
native 7 0.50 1.00 0.50 0.484 0.018 3 0.73 0.702
native (repeat) 7 0.50 1.00 0.50 0.483 0.020 3 0.75 0.700
+v12×3 5 0.67 0.88 0.57 0.579 0.018 3 0.80 0.741
+v12×3 (repeat) 5 0.67 0.89 0.56 0.570 0.018 3 0.83 0.738

Qwen3.5-35B-A3B-Base
native 6 0.56 0.75 0.43 0.455 0.018 7 0.25 0.285
+v12×2 5 0.71 0.83 0.56 0.571 0.019 3 0.75 0.718

Qwen3.8-27B
native 8 0.50 1.00 0.46 0.482 0.018 4 0.50 0.473

Table A27: Read-set and edit-set overlap with the teacher on the same 359 SWE-bench Pro tasks (one rollout per
arm; medians over tasks, Jaccard also as a mean). Teacher medians: 4 files read, 2 edited. Control = mean Jaccard
against the teacher's read set of another task of the same repository; against another random task it is 0.003–0.004
for every arm. Paired tests are in the analysis record (analysis/anchors/pro359).

Arm pass@1 recovery@3 truncation pipe write w/o read task mgmt echo share Bash share steps

Teacher on the 359 (contaminated) 56.8 0.736 0.594 0.098 0.000 0.130 0.546 24
Teacher corpus reference – 0.603 0.672 0.110 0.032 0.142 0.507 51

Qwen3.6-27B
native 49.6 0.309 0.416 0.123 0.056 0.020 0.533 49
+v12×1 49.0 0.551 0.616 0.091 0.005 0.129 0.618 37
+v12×2 52.6 0.550 0.631 0.086 0.003 0.145 0.596 35
+v12×3 49.3 0.667 0.634 0.106 0.004 0.136 0.612 38
+v13×1 51.3 0.560 0.609 0.083 0.005 0.136 0.606 38

Qwen3.6-35B-A3B
native 44.8 0.358 0.425 0.062 0.088 0.024 0.522 50
native (repeat) 46.5 0.380 0.452 0.058 0.100 0.022 0.510 49
+v12×3 49.3 0.598 0.674 0.084 0.005 0.129 0.616 42
+v12×3 (repeat) 47.1 0.588 0.675 0.084 0.006 0.126 0.603 43

Qwen3.5-35B-A3B-Base
native 37.0 0.293 0.202 0.215 0.001 0.016 0.497 59
+v12×2 44.3 0.581 0.657 0.066 0.007 0.151 0.598 46

Qwen3.8-27B
native 52.4 0.344 0.655 0.195 0.078 0.092 0.620 57

Table A28: The same 359 tasks: pass@1 (per cent; the teacher's value is contaminated, the tasks are public and the
sample is stratified by student difficulty) and the pooled bundle scalars of §5 for the teacher on the benchmark, the
teacher's corpus, and every arm. Median steps per trajectory in the last column.
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tool mix tool bigrams Bash heads thinking position composite

Arm same floor same floor same floor same floor same corpus

Qwen3.6-27B
native 0.0390 0.0011 0.0629 0.0024 0.1279 0.0096 0.0046 0.0020 0.0510 0.0552
+v12×1 0.0043 0.0008 0.0080 0.0024 0.0263 0.0081 0.0038 0.0017 0.0062 0.0044
+v12×2 0.0035 0.0006 0.0079 0.0021 0.0142 0.0100 0.0031 0.0018 0.0057 0.0046
+v12×3 0.0048 0.0005 0.0087 0.0017 0.0153 0.0069 0.0034 0.0019 0.0067 0.0051
+v13×1 0.0038 0.0007 0.0082 0.0020 0.0202 0.0073 0.0054 0.0016 0.0060 0.0044

Qwen3.6-35B-A3B
native 0.0347 0.0007 0.0598 0.0021 0.1402 0.0317 0.0082 0.0023 0.0472 0.0512

Qwen3.5-35B-A3B-Base
+v12×2 0.0068 0.0006 0.0129 0.0016 0.0249 0.0099 0.0100 0.0015 0.0099 0.0076

Qwen3.8-27B
native 0.0214 0.0005 0.0396 0.0015 0.0330 0.0048 0.0104 0.0016 0.0305 0.0297

Table A29: Held-out anchor: Jensen–Shannon distance (log2) from each arm's trajectories on the 345 validation
tasks (never trained on; one rollout each) to the teacher's own trajectories on the same tasks (same), with the arm's
split-half floor (200 random halves), and the composite distance of the same trajectories to the pooled corpus
reference (corpus). The teacher's 345 validation trajectories are 0.0012 (composite) from its corpus. The two MoE
arms start from different bases and are not a pair.

overlap with the teacher bundle scalars

Arm pass@1 void n read precision recall Jaccard edit J. recovery@3 trunc. w/o read task mgmt echo

Teacher on the 345 100 0 8 1 1 1 1 0.62 0.67 0.107 0.036 0.136

Qwen3.6-27B
native 50.7 2 13 0.56 0.86 0.50 0.69 0.38 0.57 0.061 0.150 0.017
+v12×1 56.5 0 8 0.80 0.80 0.62 0.75 0.64 0.67 0.076 0.023 0.127
+v12×2 53.3 3 9 0.78 0.80 0.64 0.78 0.60 0.68 0.072 0.020 0.136
+v12×3 52.2 0 8 0.78 0.82 0.63 0.75 0.65 0.69 0.086 0.017 0.131
+v13×1 55.1 0 9 0.77 0.83 0.62 0.77 0.57 0.69 0.077 0.023 0.135

Qwen3.6-35B-A3B
native 47.2 2 13 0.53 0.80 0.46 0.62 0.36 0.52 0.041 0.139 0.016

Qwen3.5-35B-A3B-Base
+v12×2 44.1 2 9 0.71 0.80 0.58 0.71 0.49 0.69 0.056 0.016 0.121

Qwen3.8-27B
native 53.0 1 12 0.58 0.87 0.50 0.67 0.46 0.67 0.117 0.103 0.103

Table A30: Held-out anchor: pass@1 on the 345 validation tasks (per cent; trials without a verdict count as unsolved,
their number in the void column), read-set and edit-set overlap with the teacher on the same task (medians over
tasks), and the pooled bundle scalars of §5. The teacher passed every validation task by construction, so its pass@1
is not a comparison.
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