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This Internet Appendix reports supplementary tables for the paper. Table, figure, equation,
and section numbers without the “IA” prefix refer to the main text.

IA.I The Information Ladder

Tables TA.1-TA.4 document the MO0-M4 information ladder behind the objection
probabilities: model performance across the rungs, the persona rung by persona source,
the dissent-class PR-AUC deltas along the ladder, and the frontier-versus-local comparison
discussed in Section 8.3 of the paper.
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Table [A.1: Model Performance Across the M0-M4 Stacking Ladder. Each column
is the same simulation given one more piece of information than the column before it, so
the change from one column to the next isolates what that piece adds. Panel A measures
how well each layer identifies the rare dissent; Panel B reports the two indices the paper
constructs; Panel C the name ablation; Panel D the benchmarks the ladder is judged against.
Sample: 240 scored meetings, 2,517 voter-meeting cells, a 4.49% dissent base rate. Each
panel is summarized in the note below; every number is defined and discussed in the text
(Section 6).

Mo M1 M2 M3 M4
Metric random +economy +name +evidence +debate

Panel A: How well the layer spots dissents (higher is better)

PR-AUC 0.045 0.050 0.080 0.144 0.174
Dissent recall 1.000 0.938 0.212 0.513 0.513
Dissent F1 0.086 0.091 0.153 0.272 0.337
Balanced accuracy 0.500 0.528 0.569 0.704 0.721
Panel B: The two indices the paper builds

Agentic MPU (MPU gigsent, inferred dissent rate) — — — 0.161 —
Suppressed-dissent gap — — — 0.116 —
Mean-prob. MPU (robustness twin) — — — 0.357 —
Herding 6 (0 ignore, 1 follow) — — — — 0.529
Policy-rate gap (pct. points) — — — — —0.020
Panel C: Robustness (dissent PR-AUC, full panel)

M3’: evidence kept, name hidden 0.068

Panel D: Benchmarks (dissent PR-AUC)

Always-agree (never calls a dissent) 0.045

Logistic (stance + macro regression) 0.168

Member fixed effects (own past dissents) 0.315

N meetings / voter-meetings 240 / 2,517

Columns are the five ladder rungs, each adding one input to the one before: M0 random; M1 macro briefing

(identity-blind); M2 adds the member’s name; M3 adds date-gated dossier evidence (the persona rung the
Agentic AT MPU is built from); M4 adds a chair-first deliberation round. Panel A: dissent-class detection
metrics (base rate 0.045; higher is better). Panel B: the two constructed indices. Panel C: name ablation
of M3. Panel D: the four baselines. All metrics are dissent-class; each number is defined and discussed in
the text (Section 6).



Table IA.2: M3 Persona Rung by Persona Source. Cells are split by the resolved
persona source (Section 3.7): speech for a live composite speech signal, dossier for the
dated-episode gap-fill, inferred for the vote-history fallback, none for the empty persona.
Dissent-class metrics. The dossier tier carries 103 of the panel’s 114 dissents and the speech
tier, though larger, only 8; the tiers scored here hold 113 in all, the remaining dissent falling
in a cell dropped for missing inputs (the full-panel dossier channel carries 104).

Persona source n  Dissents PR-AUC F1 Recall

speech 1226 8 0.015 0.043 0.375
dossier 1197 103 0.206 0.357  0.553
inferred 70 2 0.083 0.125  1.000
none 24 0 (no dissents)

Table TA.3: Channel Decomposition of the Persona Ladder. Change in mean objection
probability at each rung contrast on the headline (calibrated) run. M2—M1 is the memorized-
reputation channel, M3—M2 the marginal contribution of date-gated dossier retrieval over
reputation, M3—M3’ the name channel, and M4—M3 the deliberation (herding) channel.

Channel (rung contrast) A mean objection
M2—-M1 (memorized reputation) -0.0386
M3—M2 (dossier RAG over reputation) +0.0177
M3—M3’ (name channel) -0.0046
M4—M3 (deliberation / herding) -0.0437

Table TA.4: Reasoning-Capacity Robustness: Local 7B vs. Frontier Reasoner
(DeepSeek V4-Flash). Meeting-level correlation of the two index-bearing rungs; the post-
assumed-cutoff column is the contamination sensitivity split (the vendor publishes no training
cutoff; June 2024 is an estimate). The frontier series is the average of four independent API
runs.

Metric All meetings Pre-cutoff Post-assumed-cutoff

(n=240) (n = 227) (n = 13)
MPU gissent (M3) correlation 0.42 0.39 0.55
Mean-prob. MPU (robustness twin) 0.44 0.40 0.69
PRG (M4) correlation 0.76 0.76 0.447
MPU gissent level: 7B/ V4-Flash 0.16 / 0.12 (frontier trims the inferred dissent rate)
Mean-prob. MPU level: 7B / V4-Flash 0.36 / 0.20 (frontier trims the objection floor)
PRG level: 7B / V4-Flash —0.02 / —0.05 (near-identical)

t Post-cutoff PRG correlation is noisy (n = 13). Each frontier run cost approximately $16 (M3 + M4, one

draw per cell); the reported index averages four runs.



IA.IT Robustness and Contamination Audit

Table TA.5 collects the robustness checks and the hard contamination checks of the pre-
registered protocol.

Table IA.5: Robustness and Contamination Audit. Three panels collect the paper’s
robustness and contamination checks. Panel A: dissent-class PR-AUC on the pre- and
post-cutoff windows, split at the model’s empirically bracketed training cutoff; on the
memorization-exposed name-only rung the holdout is not below the training window,
contrary to what memorization would produce, and the evidence rung’s noisier split is shown
alongside. Panel B: the memorization probe (name and date only), whose vote recall stays
below the trivial always-agree rule and whose reconstructed dissenter set is almost entirely
wrong. Panel C: the eight pre-registered validator checks, all passing, plus the M1 sampling-
band diagnostic.

Robustness / audit check Result Detail
Panel A: Out-of-sample holdout (dissent PR-AUC, name-only rung M2, cutoff 2023-12-01)
Pre-cutoff (n = 2,338, 103 dissents) 0.086 training-window meetings
Post-cutoff holdout (n = 203, 11 dissents) 0.143 holdout not below pre-cutoff
Evidence rung M3, pre / post 0.158 / 0.074  post-window noisy (11 dissents)
Panel B: Memorization probe (name + date only, all 2,541 cells)
Vote recall, full / best decade 37.4% / 58.2% below the 95.5% always-agree rule
Vote recall, pre / post cutoff 40.2% / 5.4%  default-NO on unfamiliar cells
Dissenter precision / recall 0.054 / 0.075 1,577 fabricated dissenter names
Panel C: Mechanical validator gate (pre-registered, every scored run)
Date gate; evidence date gate PASS no input dated on/after meeting T’
No outcome stats; no district leak PASS no dissent rate or district in prompt
Prompt hash; identity-blind rungs PASS sha256 matches; no name in M1/M3’
Framework behaves; indep. recompute PASS 72.1% persona-direction;  metrics
reproduced
M1 sampling-band diagnostic clean band > 0.4 on 0/240 meetings




IA.III Replication of the FOMC-Cycle Premium

Table TA.6 replicates Cieslak et al. (2019), Table 1, on their sample and extends it; the
construction underlies Tables 5 and 6 of the paper.

Table TA.6: Replication of Cieslak et al. (2019), Table 1. Daily excess stock returns
on FOMC-cycle dummies. Column (1) is the published estimate; column (2) the replication
on the same 1994-2013 sample with the construction used in Table 5; columns (3) and (4)
extend the sample.

1) 2) (3) (4)
Published Replication Extended This paper
1994-2013  1994-2013  1994-2016 1996-2025
Panel A: Week 0 and weeks 2, 4, 6
Week 0 0.136*** 0.1362*** 0.14171*** 0.0751*
(2.75) (2.76) (3.17) (1.78)
Weeks 2, 4, 6 0.0995*** 0.0994*** 0.1094*** 0.0680**
(2.65) (2.65) (3.25) (2.29)
Constant —0.021 —0.0209 —0.0245 0.0037
(-0.96) (-0.96) (-1.24) (0.20)
Panel B: Separate even-week dummies
Week 0 0.136*** 0.1362*** 0.14171*** 0.0751*
(2.75) (2.76) (3.17) (1.78)
Week 2 0.081* 0.0810* 0.0895** 0.0546
(1.70) (1.70) (2.10) (1.44)
Week 4 0.108** 0.1076** 0.1203** 0.0726*
(2.00) (1.99) (2.52) (1.82)
Week 6 0.178** 0.1778** 0.1875** 0.1521*
(1.99) (1.99) (2.08) (1.76)
Constant —-0.021 —0.0209 —0.0245 0.0037
(-0.96) (-0.96) (-1.24) (0.20)
Observations (days) 5,214 5,214 5,997 7,825

Dependent variable: daily excess return on the U.S. stock market over the one-month T-bill rate, in
percent per day (Fama—-French market factor), on weekdays in FOMC-cycle time with holiday returns set
to zero; odd weeks are the omitted category. Column (1) reproduces the published estimates of Cieslak et
al. (2019), Table 1 (working-paper version, 1994-2013); columns (2)—(4) are estimated here with the same

construction on the stated samples. Heteroskedasticity-robust t-statistics in parentheses. ***p < 0.01,

**p < 0.05, *p < 0.10.



IA.IV Voting Panel and Herding

Table TA.7 summarizes the audited voting panel and its persona-source composition;
Tables TA.8 and TA.9 report the herding measurements of the M4 rung.

Table TA.7: Audited Voting Panel and Persona-Source Composition. The audited
panel spans 240 meetings; persona source gives the share of voter-meeting cells resolved to
a live speech signal, a dated-evidence dossier, a vote-history inference, or an empty persona.
Every dossier claim carries a source URL, an archived snapshot, and a publication date.

Statistic Value
FOMC meetings (1996-2025) 240
Directive votes 2,541
Dissents 114
Dissent base rate 4.49%
Voter—meeting cells scored 2,517
Dual-coded dossiers 74
Persona source (voter—meeting cells)
speech 48.7%
dossier 47.6%
inferred 2.8%
none 1.0%
Mean persona stance —0.002
Std. persona stance 0.211

Table TA.8: Herd Pressure by Agentic AI MPU Quartile. The 240 scored meetings
(1996-2025) are partitioned into quartiles of the Agentic Al MPU (MPU giggent, local 7B
arm). Official dissent is the recorded NO-vote share; the suppressed-dissent gap is the mean
MPU gisseny minus the official dissent rate; the last column gives the mean-probability twin
over the same meetings. Official dissent stays near the base rate across quartiles while the
suppressed-dissent gap widens with the MPU, so latent disagreement is increasingly masked
where it is highest.

Quartile N  MPUgigsent range Mean MPUgiseent Official dissent Supp.-dissent gap Mean-prob. MPU

QI (Low) 60 [0.000,0.091] 0.035 2.6% +0.009 0.298
Q2 60 [0.091,0.100] 0.098 3.8% +0.060 0.332
Q3 60 [0.100, 0.200] 0.182 4.4% +0.138 0.370
Q4 (High) 60 [0.200, 0.800] 0.330 7.3% +0.256 0.430
Full sample 240 [0.000,0.800] 0.161 4.5% +0.116 0.357




Table TA.9: Herding: Full-Panel Suppression and Deliberation 6. The upper block
is the full-panel gap between the inferred dissent rate (the MPU index) and the recorded
dissent rate, with the mean pre-herding objection probability as a robustness row. The
lower block is the chair-first deliberation estimate: the empirical herding coefficient, the
calibration-based benchmark of 0.80 for contrast, and the mean objection before (M3) and
after (M4) the deliberation round.

Herding statistic Value
M3 (persona) — recorded vote (full panel, 7B arm)
MPU gissent (inferred dissenters / voters; 7 = 0.473) 0.161
Official dissent rate 0.045
Suppressed-dissent gap 0.116
Robustness: mean objection probability (mean-prob. MPU)  0.357
Robustness: gap on the mean-prob. MPU 0.312
M4 chair-first deliberation (full panel)
Empirical herding 6 0.529
Calibration-based benchmark 6 0.80
Mean objection, M3 (pre) 0.357
Mean objection, M4 (post) 0.314




IA.V Capability Gradient at the M3R Rung

Table IA.10 reports latent rate dispersion across the four-reasoner capability gradient at the
MS3R rung.

Table IA.10: Latent Rate Dispersion Across the Capability Gradient (M3R Rung).
Within-meeting population standard deviation of independently elicited preferred rates (the
M3R rung: the persona prompt with the directive anchor removed and a preferred rate asked
instead), computed over 240 meetings for the three arms that ran the rung. Paired mean
increases: V4-Flash — 7B = +0.86bp (t = 2.29); Sonnet-5 — V4-Flash = +0.53bp (¢t = 1.19);
Sonnet-5 — 7B = +1.38bp (¢ = 3.40). Pairwise correlations of the dispersion series across
arms are low (0.11-0.24): the arms agree on the level, not the meeting-by-meeting pattern, so
dispersion is model-specific and is reported as a capability diagnostic rather than a measure.
The Sonnet-5 column carries the memorization caveat of Section 8.3; the clean capability
comparison is 7B vs. V4-Flash.

7B  V4-Flash Sonnet-5

Mean dispersion (bp) 7.6 8.4 9.0
Median dispersion (bp) 7.4 8.3 8.3
Correlation with own-arm MPU gjssent 0.18 0.28 0.46
Correlation with own-arm mean-prob. MPU  0.20 0.36 0.56
Correlation with official dissent rate 0.04 0.06 0.37




IA.VI Pre-Meeting Economic Briefings

Table TA.11 reports the source coverage of the date-gated pre-meeting briefings across the
240 meetings; Table TA.12 reproduces one meeting’s condensed briefing in full.

Table TA.11: Briefing source coverage, 240 FOMC meetings, 1996-2025.

Briefing source

Meetings Coverage

Beige Book + Tealbook/Greenbook 200 19962019 (staff forecast, 5-yr FRASER
lag)
Beige Book + SEP macro 20 2012-2025 quarterly (SEP macro only,

Beige Book only

dots excluded)
20 20202025 non-SEP  (realized-macro
fallback)

Total

240 all 1996-2025 meetings

Table [A.12: Example condensed pre-meeting briefing (FOMC meeting of March 20, 2019).

Field

Content (FOMC meeting 2019-03-20)

National
conditions

Forward
outlook

District
(Dallas)

Economic activity continued to expand in late January and February;
ten Districts reported slight-to-moderate growth while Philadelphia
and St. Louis were flat. About half noted the government shutdown
slowed some sectors. Consumer spending mixed; manufacturing
strengthened but contacts cited weaker global demand, tariffs, and
trade uncertainty. Employment rose amid tight labor markets
and worker shortages; wages moderately higher. Prices increased
modest-to-moderate, with input costs outpacing selling prices. Staff
estimates current-quarter GDP growth of about 1%.

Staff: Q1 GDP 1% rebounding to 2.6% Q2, 1.8% for 2019 then 2.0%
(2020); unemployment bottoming 3.6% late 2019; core PCE 1.9%,
reaching 2% H2 2019. SEP 2019 central tendencies: real GDP 1.9-
2.2%, unemployment 3.6-3.8%, PCE 1.8-1.9%, core PCE 1.9-2.0%.

Expanded moderately with slight demand pickup in manufacturing,
services, housing. Drilling dipped. Hiring moderate, employment
outlooks bullish. Input-price pressures moderated but wage
pressures elevated. Outlooks more optimistic.
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