
Proceedings of the 11th Workshop on Financial Technology and Natural Language Processing, pages 611–631
October 28, 2026 ©2026 Association for Computational Linguistics

DEALTRACE: Localizing and Intervening on Failures in Agentic Financial
Reasoning

Alina Hyk
Halluminate

alina@halluminate.ai

Abstract

Analyzing a financial deal is a long, multi-
step task: an analyst reads a narrative mem-
orandum against the Excel model behind it,
rebuilds the forecast under the valuation, and
writes a recommendation. LLM agents in-
creasingly perform such work, but financial
benchmarks measure isolated skills or final an-
swers and do not show where a long analysis
fails. We present DEALTRACE, a benchmark
built on real deal packages, each pairing a con-
fidential information memorandum with its fi-
nancial model. A five-stage pipeline—extract,
reconcile, project a masked forecast, assess
market context, recommend—follows the an-
alyst workflow; every clause of the recom-
mendation cites the stage that produced it, and
knockout and repair interventions attribute the
outcome to individual stages. Across six fron-
tier models, three scaffolding conditions, and
four model judges, extraction, reconciliation,
and grounding are reliable, and forecasting is
the decisive stage: it is the strongest correlate
of judged quality, the costliest stage to remove,
and the only repair that improves every model,
after which the models reach nearly the same
score. Models flag discrepancies accurately
but rarely use them in the verdict, a failure that
outcome-level evaluation cannot detect. Scaf-
folding improves stage-level performance far
more than the final score, and a critique pass
adds cost without reliable gain. DEALTRACE
evaluates the analysis process itself, not only
its final answer.

1 Introduction

Large language models are increasingly deployed
as agents doing the multi-step work of a domain
expert: gathering evidence from messy sources,
calling tools, and holding a long reasoning chain
together toward an output someone acts on (Guo
et al., 2024; Chen et al., 2025b; Xu et al., 2024).
Finance is a sharp case: a real deal analysis ends
in an investment recommendation, yet existing

benchmarks test isolated skills, numerical ques-
tion answering (Chen et al., 2021; Zhu et al.,
2021), long-context filing QA (Islam et al., 2023;
Reddy et al., 2024), program synthesis (Krumdick
et al., 2024), mathematical reasoning (Zhao et al.,
2024a), and trading decisions (Li et al., 2025a),
and score final answers, which records whether a
recommendation is right but not where the reason-
ing broke. Process-level evaluation localizes fail-
ure but stays tied to short, clean chains in math-
ematics and adjacent settings (Lightman et al.,
2024; Wang et al., 2024; Zheng et al., 2025a;
Zeng et al., 2024; Song et al., 2025), not the long,
document-grounded reasoning a deal demands.
Models rarely locate their own errors (Tyen et al.,
2024), and the chain of thought often fails to re-
flect the computation behind the answer (Turpin
et al., 2023; Chen et al., 2025a; Lanham et al.,
2023), so an evaluation must check the reasoning
externally rather than trust the model’s account of
it.

DEALTRACE closes that gap. Built on real deal
packages pairing a memorandum-style document
with its Excel model, it scores a five-stage pipeline
(extract, reconcile, project a masked forecast, as-
sess market context, recommend) in which every
recommendation clause cites the stage that pro-
duced it. Provenance localizes failure; a knockout
that removes a stage and a repair that substitutes
its ground truth then test whether the stage is con-
sequential, turning the score into a diagnosis. We
contribute: 1) DEALTRACE, evaluating the com-
plete deal-analysis workflow on live transaction
materials rather than isolated skills on synthetic
ones; 2) a harness whose typed, citable stage out-
puts are graded deterministically wherever possi-
ble and by judges only where necessary; 3) knock-
out and repair as a general recipe for attributing an
agent’s output to individual stages; 4) deployment
guidance: effort belongs in forecasting, flagged
risks need a carry-through mechanism, structure
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outperforms critique.

2 The DEALTRACE Benchmark

The deal packages. DEALTRACE is built
on ten complete private-equity and merger-and-
acquisition deal packages: a confidential informa-
tion memorandum or management presentation,
the deal team’s Excel model, and often support-
ing disclosures, the bundle an analyst receives on
a live deal. Packages vary along the three axes
an analyst must absorb: the target’s industry, the
model’s structure, and the memorandum’s draft-
ing conventions; normalizing that variation away
would substitute an easier task for the real one. A
memorandum is a selling document whose head-
line claims do not always tie to the workbook,
and the number that settles a claim sits among
thousands of cells that do not matter, so surfacing
gaps and locating evidence are the task; synthetic
benchmarks do not reproduce this (Ravnik et al.,
2026). The unit of evaluation is the graded item,
not the deal: each package yields roughly a hun-
dred checkable citations, several thousand graded
decisions.

Because DEALTRACE is built on live deal mate-
rials rather than reconstructions, the corpus carries
the confidentiality obligations of the deals it came
from, and the packages cannot be redistributed.
We therefore release the staged harness, the stage
schema, the deterministic metric code, full aggre-
gate results, and sample de-identified, synthetic-
mirror corpus to allow for faithful replication of
our work.

A five-stage pipeline. We split the task into
five stages that follow an analyst’s workflow, each
emitting a typed, citable artifact: extract the facts
that matter from the documents and the model;
reconcile the narrative against the model and flag
mismatches; project the masked forecast; reason
about market context; and recommend. The de-
composition is deliberate with each stage being a
distinct analyst competency and a distinct failure
mode a reviewer checks for, with boundaries at the
checkable intermediates an analyst produces (an
extracted figure, a flagged discrepancy, a forecast
cell). Decomposing a long task into typed sub-
tasks is known to improve reasoning and make
it auditable (Zhou et al., 2023a; Lightman et al.,
2024); it also enables the benchmark’s core pur-
pose, since a failure can be attributed to a stage
only if the stages are separated. For instance, a

wrong recommendation built on a correct forecast
is a different failure from a confident recommen-
dation built on a forecast no one checked.

Stage artifacts and provenance. Stages com-
municate through a single typed envelope rather
than free text. Stage k reads the artifacts of the
earlier stages and writes its own, and every item
carries an identifier and a source pointer. This de-
sign is deliberate. Free-text handoffs propagate
errors in pipelined LLM systems (Cemri et al.,
2025), and structured inter-role artifacts are the
standard remedy (Hong et al., 2024; Wu et al.,
2023a). Typing also makes the evaluation com-
putable: only atomic, addressable claims can be
graded, cited, knocked out, or repaired (Min et al.,
2023; Rashkin et al., 2023; Gao et al., 2023). Be-
cause format restrictions can degrade reasoning
(Tam et al., 2024), the envelope constrains only the
interface between stages, and within a stage the
model reasons freely. Because every recommen-
dation sentence cites the items that produced it,
any conclusion, and any failure, is attributable to a
specific stage by construction rather than by recon-
struction. The trace is checked evidence, not nar-
rated reasoning: unlike a chain of thought, which
often fails to reflect the model’s actual computa-
tion (Turpin et al., 2023; Chen et al., 2025a), every
typed assertion is verified against its cited source.

Masked forecasting. In the projection stage
the agent reconstructs the deal team’s forecast:
the revenue, margin, and cash-flow lines over the
deal’s horizon from which the valuation is com-
puted. These cells are removed from the work-
book before the agent sees it, so their values must
be derived from the historical financials and the
stated assumptions rather than read. Each sheet’s
forecast region is masked as a block, so a masked
total cannot be recovered by summing visible
components. Scoring is restricted to a fixed set
of canonical cells, the same financial fields over
the same horizon in every deal, making forecasts
comparable across deals and models.

Agent access to the package. The agent has
full read access to the package through a tool inter-
face over the two sources: ten operations for list-
ing, reading, and searching the workbook, four for
the documents, and a calculator over literals (Ap-
pendix A). Cell reads return the cached computed
value and, where present, the formula, which dis-
tinguishes hard-coded inputs from derived figures;
masked cells are never returned. Documents that
restate the forecast in prose are withheld at ev-
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ery stage, not only during projection, and an au-
tomated check confirms zero leakage of masked
values in the tool output at every stage, further ver-
ified by a human annotator. Every assertion must
include an exact reference, a cell or a page and
span, and these references are what the evaluation
checks.

3 Evaluation

Ground truth. Each deal carries a curated
ground-truth annotation, verified by a human an-
notator. Across the ten deals analysed in this pa-
per, the annotation pins 599 targets: the true val-
ues of the 362 forecast cells masked for predic-
tion (Section 2), 30 expected reconciliation ver-
dicts and 207 critical facts (113 workbook, 94
memorandum; Appendix J), with the workbook it-
self, confirmed through the spreadsheet tool (Sec-
tion 2), as the extraction reference.

Deterministic metrics. Each metric compares
a stage’s cited output to the ground-truth targets
above. Extraction and reconciliation are scored by
precision: the share of cited items matching the
source. Forecasts are scored by accuracy at five
and ten percent relative error, mean absolute per-
cent error, and coverage of the scored grid, so ac-
curacy cannot be inflated by answering only easy
cells. Grounding is the share of market quotes
and recommendation citations that verify against
their sources. Risk propagation is the share of
flagged reconciliation findings that reach the rec-
ommendation. Overall accuracy pools every grad-
able item. Exact definitions and recall against the
curated targets are in Appendices B and J.

A panel of four model judges. The market and
recommendation stages produce prose that deter-
ministic checks only partly cover, so four fron-
tier models grade them as judges (Zheng et al.,
2023): Claude Opus 4.7, Claude Fable 5, GPT-
5.6 Sol, and Gemini 3.6 Flash. Each judge grades
every run under an identical rubric and prompt,
and results are reported as the four-judge panel
mean, with per-judge scores in Table 1 and the
appendix. The judges agree on ordering and dif-
fer mainly in leniency: mean pairwise r = 0.89,
ICC(2, 4) = 0.95 for the panel mean, and no own-
family favoritism (Appendix E). Per claim, the
judge grades whether each market or recommen-
dation claim follows from its own cited evidence;
per run, it returns a holistic score on a hundred-
point scale rating the analysis as a whole, together

with a reliability label and a committee-readiness
ruling from a fixed rubric (Appendix C; prompts in
Appendix D). The panel score reported through-
out is the mean of the four judges’ holistic scores.

The three experimental conditions. To sepa-
rate what a model does from what the harness does
for it, each model is run under three harness con-
ditions with various levels of scaffolding; the full
details are available in Appendix D.

Unguided. The baseline supplies the task and
the tools and nothing else. It measures the model’s
ability to organize its reasoning process indepen-
dently, without specialized scaffolding.

Outline. Adds the full scaffold: the canonical
field list, naming the facts and forecast cells each
stage must produce; the staged method, fixing the
five stages and their order; and per-stage guidance,
describing what a complete artifact at each stage
contains.

Outline + critique. Appends a single critic
pass: the critic reads the staged output and its ci-
tations, flags unsupported claims, missing recon-
ciliations, and blank forecast cells, and the model
revises once. The critic never states what the cor-
rect value would be, so the condition tests self-
correction under realistic information, a setting in
which it is known to be difficult (Tyen et al., 2024).
Appendix G examines critique separately.

4 Results

We evaluate six frontier models: Claude Opus 4.7,
GPT-5.5, and Gemini 3.1 Pro, together with
Claude Fable 5, GPT-5.6 Sol, and Gem-
ini 3.6 Flash. All six run on the full benchmark
under all three conditions. In the critique condi-
tion the critic is a separate model from the ana-
lyst: for Fable, Sol, and GF 3.6 the analyst is the
smaller family variant and the critic is the flag-
ship (Appendix G). Every run is graded by all
four judges of Section 3; judge-scored tables re-
port each judge’s score and the panel mean, and
Appendix E analyses their agreement (r = 0.89,
ICC(2, 4) = 0.95, no own-family favoritism).

4.1 Overall performance
Table 1 reports each judge’s holistic score, the
four-judge panel mean, overall deterministic ac-
curacy, measured cost, and efficiency per model
and condition. Claude Fable 5 attains the high-
est pooled panel score and GPT-5.5 the second
highest. The between-model analysis of variance
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Opus GPT-5.5 G. Pro Fable Sol GF 3.6

Ung.

by Opus 46.3 51.6 42.9 61.4 56.1 53.0
by Fable 47.7 50.4 43.4 56.4 49.8 49.5
by GF 3.6 50.5 58.7 49.2 65.3 59.6 54.0
by Sol 46.9 57.3 46.7 57.9 57.6 50.2

Panel 47.9 54.5 45.6 60.2* 55.8 51.7

Acc. (%) 74.3 83.9 67.0 84.5* 75.1 67.0
Cost ($) 63.6 46.7 23.7 146.4 20.5 17.2

Effic. 0.56 0.98 1.29 0.35 2.05* 2.02

Out.

by Opus 53.0 57.0 47.9 62.9 61.5 48.7
by Fable 59.1 63.1 52.2 65.7 65.5 54.0
by GF 3.6 60.0 62.5 51.5 69.8 71.8 54.3
by Sol 53.2 62.9 54.3 63.7 66.7 50.8

Panel 56.3 61.4 51.5 65.5 66.4* 52.0

Acc. (%) 81.3 85.2 67.4 89.4* 87.3 66.8
Cost ($) 95.0 55.5 26.5 207.8 28.8 22.0

Effic. 0.48 0.94 1.31 0.28 2.01* 1.58

O+C†

by Opus 47.9 62.6 48.9 52.8 43.3 43.4
by Fable 51.8 64.2 47.9 58.1 51.2 41.2
by GF 3.6 48.0 67.4 52.3 62.4 53.2 43.3
by Sol 46.2 64.6 48.3 57.5 53.7 45.4

Panel 48.5 64.7* 49.3 57.7 50.4 43.3

Acc. (%) 77.8 87.0* 63.3 77.2 73.0 71.5
Cost ($) 183.6 161.3 137.0 724.0 19.2 16.6

Effic. 0.21 0.35 0.23 0.06 1.91* 1.86

Table 1: Per-judge scores, their panel mean, accuracy,
cost, and efficiency by condition, over the ten deals.
Columns are the models run; the “by” rows are the
judges scoring them and Panel is their mean. Names,
used in all tables: Opus is Claude Opus 4.7, Fable is
Claude Fable 5, Sol is GPT-5.6 Sol, GF 3.6 is Gem-
ini 3.6 Flash, G. Pro is Gemini 3.1 Pro; Ung., Out., and
O+C are the unguided, outline, and outline + critique
conditions. Efficiency is the panel score weighted by
accuracy per dollar of ten-deal cost, taken from per-call
usage ledgers (Appendix M). In the Panel, accuracy,
and efficiency rows, bold marks the best condition per
model and * the best model in that condition. O+C is
solo self-critique for Opus, GPT-5.5, and G. Pro. †In
the O+C block, Fable, Sol, and GF 3.6 are hybrid runs
critiquing Claude Sonnet 5, GPT-5.6 Luna, and Gem-
ini 3.1 Flash-Lite respectively, scored on the analyst
and costed as analyst plus critic (Appendix G).

pooled over conditions is significant on the panel
score (F = 7.64, p < 0.001) and on accuracy
(F = 7.00, p < 0.001); in Holm-corrected pair-
wise tests, Claude Fable 5 and GPT-5.5 each ex-
ceed Claude Opus 4.7 and both Gemini models
on the panel score, and both Gemini models on
accuracy. GPT-5.6 Sol posts the highest outline
panel score (66.4), although its pooled mean car-
ries the daggered hybrid cell and significantly ex-
ceeds only Gemini 3.6 Flash. Cost, meanwhile,
varies by an order of magnitude at comparable
quality: that outline run cost $28.8 over the ten

deals against $207.8 for Claude Fable 5’s 65.5,
one point apart at seven times the cost and not sig-
nificantly different, and GPT-5.6 Sol is the most
efficient model in every condition while Claude
Fable 5 is the least.

Within models, outline improves on unguided
for five of six on the panel (+5.3 to +10.6 points),
although no single paired test reaches significance
at ten deals (p ≥ 0.085). Pooled across models,
the condition analysis of variance is significant on
the panel score (F = 5.69, p = 0.008 after Holm
across the two summary metrics) and not on accu-
racy (F = 1.27, p = 0.28). In Holm-corrected
pairwise Welch t-tests, the outline mean of 58.8
exceeds both the unguided mean of 52.8 (+6.1,
pHolm = 0.015) and the outline + critique mean of
52.2 (+6.7, pHolm = 0.015), which do not differ
from each other (p = 0.77).

Critique is the only condition change with sig-
nificant within-model movement, and the effect is
negative. Under self-critique, Claude Opus 4.7
drops 7.9 points (p = 0.019, paired by deal), while
GPT-5.5 (+3.3) and Gemini 3.1 Pro do not change
significantly. The daggered O+C cells are hybrid
runs pairing a smaller analyst with its family’s
flagship as critic (Claude Sonnet 5 with Claude
Fable 5, GPT-5.6 Luna with GPT-5.6 Sol, Gem-
ini 3.1 Flash-Lite with Gemini 3.1 Pro). A flagship
critic benefits only the strongest analyst: Claude
Sonnet 5 gains +5.9 panel points, positive under
every judge but not significant (p = 0.09 uncor-
rected), GPT-5.6 Luna is unchanged (−0.2), and
the Gemini 3.1 Flash-Lite pair cannot be evalu-
ated because its analyst produces a median of five
forecast cells per deal against forty to fifty for the
others. In every family the critiqued analyst re-
mains well below the flagship performing the task
alone (cell differences −7.8, −16.0, and −8.1;
pooled paired −11.2, p < 0.001 after Holm), a
gap attributable to the smaller analyst rather than
to critique itself, and at higher cost ($724 for the
Claude Sonnet 5 pair against $208 for Claude Fa-
ble 5 alone). A critic does not recover quality lost
elsewhere in the chain, and scaffolding’s effects
are concentrated at the stage level rather than in
the holistic assessment (Section 4.2). The full hy-
brid design, per-judge scores, and costs are in Ap-
pendix G.

4.2 Stage-level effects of scaffolding
Although panel scores change little across con-
ditions (Section 4.1), stage-level performance
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Targeted acc. (%) Coverage (%) Forecast quality

Model Ung. Out. O+C Ung. Out. O+C Ung. Out. O+C

Opus 5.9 34.8 23.6 34.9 89.6 94.7 0.09 0.36 0.24
GPT-5.5 8.2 40.5 45.4 22.3 88.5 90.0 0.19 0.42 0.47
G. Pro 3.2 37.7 18.8 14.7 77.6 70.6 0.11 0.40 0.20
Fable 13.4 36.3 39.9† 36.5 85.7 93.6† 0.19 0.38 0.41†

Sol 8.6 34.0 18.0† 31.7 85.5 92.4† 0.14 0.35 0.20†

GF 3.6 10.6 25.1 0.6† 38.5 81.9 9.5† 0.16 0.26 0.03†

Table 2: Forecasting by condition, mean across ten
deals. Targeted accuracy is the share of standardized
cells within five percent; coverage is the share of the
grid predicted at all; forecast quality is 0.8×targeted
accuracy +0.2× the within-5% rate over all predicted
cells with a workbook value. †For Fable, Sol, and
GF 3.6 the O+C forecasts are produced by the hybrid
run’s small analyst (Sonnet 5, GPT-5.6 Luna, Gem-
ini 3.1 Flash-Lite) under that model’s critique (Ap-
pendix G), so these cells measure the analyst’s model
forecasting.

changes substantially. Under outline, forecast cov-
erage rises from 14–39 to 78–90 percent and tar-
geted accuracy from below 14 to 25–41 percent in
every model (Table 2), with error increasing over
the forecast horizon (Figure 1). Sign agreement
remains at 96–100 percent, so residual error is one
of magnitude rather than direction. Reconcilia-
tion is gradable only under scaffolding, reaching
93.4 percent precision under outline and 88.1 un-
der critique, the difference attributable to the hy-
brids’ smaller analysts (Appendix I). Scaffolded
recommendations draw on a broader set of up-
stream stages (Figure 8) and stay on the prescribed
grid, with 1192 off-grid predictions under out-
line against 3332 unguided and higher accuracy on
those that remain (Appendix K). All three forecast
metrics differ by condition after Holm correction,
with outline above unguided on each (pHolm <
0.001).

Critique yields mixed stage-level effects: only
GPT-5.5 improves both coverage and targeted ac-
curacy, Claude Opus 4.7 gains coverage at the cost
of accuracy, and Gemini 3.1 Pro declines on both.
It is also the expensive part of the scaffold, rais-
ing cost by a factor of 1.9 to 5.2 (Appendix M),
and the outline runs dominate on quality per dol-
lar (Table 1).

4.3 Reconciliation and risk propagation
Models reconcile the narrative against the finan-
cial model with near 90 percent precision, and
their recommendation citations almost always re-
solve to real upstream items (Table 3). Precision

Opus GPT-5.5 G. Pro Fable Sol GF 3.6

S4
grounding

Out. 93.2 97.4 90.0 93.3 94.0 99.0
O+C 77.2 93.9 85.8 73.0† 89.9† 86.8†

Risk
prop.

Out. 22.2 28.4 28.9 37.3 1.6 6.1
O+C 17.7 7.7 13.2 43.8† 6.8† 23.8†

Table 3: Stage-4 grounding and risk propagation, mean
across deals, as percentages. Both are blank under
the unguided baseline, which emits no gradable market
or reconciliation citations. †O+C is the hybrid run in
which that model critiques a smaller same-family an-
alyst: Fable with Sonnet 5, Sol with GPT-5.6 Luna,
and GF 3.6’s column with G. Pro critiquing Gem-
ini 3.1 Flash-Lite (Appendix G).

is computed over every finding the model asserts,
a median of 14 to 53 per deal, and extraction re-
call against the curated targets is 28 to 71 percent
(Appendix J). Flagged risks, however, reach the
recommendation only 2 to 37 percent of the time,
and strong grounding does not imply strong propa-
gation: GPT-5.6 Sol and Gemini 3.6 Flash ground
their market claims at 94 and 99 percent yet propa-
gate risk least, at 1.6 and 6.1 percent. An ANOVA
across models, one observation per (model, deal)
run pooled over outline and critique, finds models
differ in risk propagation (F = 3.80, p = 0.007
after Holm over the two metrics), with only the 36-
point Claude Fable 5 to GPT-5.6 Sol gap surviving
correction, but not in grounding (F = 1.83, p =
0.11). Paired by deal, critique reduces grounding
(−10.0, pHolm < 0.001) and leaves propagation
unchanged (−3.2, p = 0.58). Discrepancies are
identified in stage two and discarded by stage five,
consistently across all six models and invisibly to
outcome-level evaluation.

5 Ablations: Intervening on the
Reasoning Chain

The provenance trace localizes failure, and the
ablations test whether a localized stage is conse-
quential and empirically supported. The knock-
out removes a single stage and re-runs the remain-
ing chain, and the repair replaces a stage with its
ground truth before re-running. Together the two
interventions quantify how strongly the final rec-
ommendation depends on each stage, which final-
answer evaluation cannot measure. The correla-
tional analysis includes all six models, and the in-
terventions include Opus, Fable, Sol, and GF 3.6.
Models and judging are identical to Section 4.1.

Which stages drive the panel score. Be-
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Figure 1: Forecast error by predicted year, one panel per condition and one line per model. Shading is the standard
error across deals; error is symmetric MAPE on magnitudes, so sign-convention differences are not scored as
errors, and each panel is normalized to 0–100 within itself. In the outline + critique panel the Fable, Sol, and
GF 3.6 lines are their hybrid runs and the single point is the Flash-Lite analyst (Appendix G).

fore intervening, we ask which stage metrics the
panel score tracks. With each (model, condition,
deal) run as one observation, pooling the main-
grid, hybrid, knockout, and repair runs and ex-
cluding runs without gradable stage output, we
regress the panel score on the five stage metrics
with standardized predictors (n = 313). Fore-
cast quality dominates at β = 0.77 and univari-
ate r = 0.85, far above extraction precision (0.21
and 0.42), grounding (0.18 and 0.31), and recon-
ciliation precision (0.13 and 0.26); every stage is
significant at p < 0.001 except risk propagation
(β = 0.01, p = 0.38; Table 11 in Appendix F).
The panel score is, to first order, a function of fore-
casting, and the same correlation holds per model
(r = 0.68 to 0.96).

Knockout: which stages are necessary. The
knockout removes a single stage and re-runs the
rest of the chain; a positive value is the drop in
panel score caused by that removal. Removing the
forecast costs more than removing reconciliation
for all four models and under every judge (Table 4,
Appendix F). Relative to each outline base, fore-
cast removal costs 4.0 points for Claude Opus 4.7,
10.2 for Claude Fable 5, 11.3 for GPT-5.6 Sol, and
−0.3 for Gemini 3.6 Flash, against −2.4, 5.5, 5.3,
and −5.3 for reconciliation removal, which leaves
Claude Opus 4.7 and Gemini 3.6 Flash slightly
higher than their base. The within-model ANOVA
over the base and the three knockouts is significant
for Claude Fable 5 (F = 4.06, p = 0.014) and
GPT-5.6 Sol (F = 4.54, p = 0.008), and not sig-
nificant for Claude Opus 4.7 (p = 0.080) or Gem-
ini 3.6 Flash (p = 0.15). Removing both stages

Condition Opus Fable Sol GF 3.6

Outline base 56.3 65.5 66.4 52.0
−reconcile 58.7 60.1 61.0 57.3
−forecast 52.3 55.4 55.1 52.2
−both 49.0 51.7 52.7 48.2

Table 4: Knockout, four-judge panel score, mean
across deals, for the four ablated models.

also narrows the per-deal spread (Claude Fable 5
from SD 12.6 to 5.4, GPT-5.6 Sol from 11.7 to
4.7), so reconciliation and forecasting carry most
of the deal-to-deal variation.

Repair: the effect of supplying correct up-
stream outputs. The repair intervention supplies
the correct output of an upstream stage and re-
runs the rest of the chain. Levels are cumulative,
so each level’s change in the final score measures
how much of the outcome that stage accounts for.
Supplying the true forecast raises the four-judge
panel score by 20.4 to 22.6 points in all four mod-
els, significant in a paired test by deal for each
(all p < 0.005) and holding under every judge,
with lifts of 17 to 27 points across the sixteen
judge-model cells (Figure 2, Appendix F). With
every stage repaired the models converge to 83–
86 from starting points between 52.0 and 66.4, so
the remaining gap between them is concentrated
in forecasting. Upstream repairs move Claude Fa-
ble 5 and GPT-5.6 Sol by under three points, while
Claude Opus 4.7 and Gemini 3.6 Flash gain 5.8
and 10.8 points from a true extraction.
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Figure 2: Repair chains for the four ablated models on the four-judge panel. Each level supplies the true output of
one more upstream stage and re-runs the rest; the dashed line is the outline base. Coloured dots are the individual
judge means in fixed order (Opus, Fable, GF 3.6, Sol), spanning 8.8 points on average and 14.1 at most.

6 Related Work

Finance reasoning and agent benchmarks. Fi-
nancial benchmarks span single-document numer-
ical QA (Chen et al., 2021; Zhu et al., 2021; Chen
et al., 2022; Zhao et al., 2022), long-context fil-
ing QA (Islam et al., 2023; Reddy et al., 2024;
Lai et al., 2024; Chen et al., 2024a), program
synthesis (Krumdick et al., 2024), mathemati-
cal reasoning (Zhao et al., 2024a,b), and meta-
benchmarks and domain models (Xie et al., 2024;
Wu et al., 2023b; Liu et al., 2024b; Xue et al.,
2024; Choi et al., 2025; Lu et al., 2025). The clos-
est work reaches professional settings but evalu-
ates the narrative or the financial model, not both:
FinanceQA collapses once an answer requires an
assumption and leaves spreadsheets untested (Ma-
teega et al., 2025); the Finance Agent Benchmark
names spreadsheet reasoning as open (Bigeard
et al., 2025); spreadsheet suites probe manipula-
tion and modeling (Yen et al., 2026; Ma et al.,
2024; Li et al., 2023; Dong et al., 2024; Chen et al.,
2024b; Thorne, 2025), and FinSheet-Bench argues
for stage-separated, auditable evaluation (Ravnik
et al., 2026); and trading benchmarks score returns
rather than reasoning (Li et al., 2025a). None op-
erates at live deal-package scale or attributes fail-
ure to the stage that produced it; DEALTRACE

adopts the stage-separated, auditable design it
identifies as necessary. Deal packages are also a
long-context setting, where performance degrades
when evidence lies mid-input (Liu et al., 2024a;

Bai et al., 2024; Hsieh et al., 2024).
Forecasting and numerical extrapolation.

The projection stage targets a contested weakness.
Early work suggested zero-shot numeric extrap-
olation rivaling purpose-built forecasters (Gruver
et al., 2023), but ablations find no convincing
time-series gain and unchanged performance af-
ter re-initializing pretrained weights (Tan et al.,
2024). The brittleness recurs in finance: numerical
reasoning sits well below expert accuracy (Zhao
et al., 2024a), and collapses once an answer re-
quires an assumption under incomplete informa-
tion (Mateega et al., 2025) or multi-step aggre-
gation rather than lookup (Ravnik et al., 2026).
Masking the forecast region makes this a measur-
able, leakage-resistant subtask isolated from ex-
traction and reconciliation, which is what lets us
show that the recommendation depends on it most.

Process-level and verifiable evaluation.
Outcome-only evaluation is increasingly treated
as insufficient. Process supervision scores each
step, from step-level annotation (Lightman et al.,
2024) or label-free construction (Wang et al.,
2024); a second line evaluates the supervisor
itself (Zheng et al., 2025a; Song et al., 2025;
Zeng et al., 2024), extended by error typing and
reasoning structure (Pala et al., 2025; Li et al.,
2025b; Khalifa et al., 2025) and by work in
multimodal reasoning (Xu et al., 2025), finance
(Zhu et al., 2025), and surveys (Zheng et al.,
2025b). Localization matters because models
rarely find their own errors yet can fix one whose
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location is given (Tyen et al., 2024), and the chain
of thought often fails to reflect the computation
behind the answer (Turpin et al., 2023; Chen et al.,
2025a; Lanham et al., 2023). The machinery for
making such evaluation verifiable exists but
has not reached structured financial reasoning:
attribution frameworks (Rashkin et al., 2023;
Bohnet et al., 2022), citation benchmarks (Gao
et al., 2023), atomic-fact precision (Min et al.,
2023), and grounding against a source (Jacovi
et al., 2025), though audits find only about half
of generated sentences fully supported (Liu et al.,
2023a; Huang and Chang, 2024). DEALTRACE

carries localization to a long, document-grounded
task, replaces the chain of thought with checked
provenance, and moves from detection to in-
tervention. The masked projection supplies the
held-out content contamination demands (Sainz
et al., 2023; Zhou et al., 2023b); weak holdouts
breed overfit agents (Kapoor et al., 2025b,a); and
grading by four judges with symmetric agreement
analysis addresses the biases of model-based
judging (Zheng et al., 2023; Liu et al., 2023b)
(Appendix E).

7 Discussion and Conclusion

DEALTRACE evaluates agents on real deal pack-
ages. The harness traces every clause of the rec-
ommendation to the stage that produced it and
intervenes on the chain to attribute the outcome
to individual stages. Three findings hold across
all six models and all four judges. First, fore-
casting determines recommendation quality. It is
the strongest correlate of the panel score (the four
judges’ mean holistic rating of the analysis on a
hundred-point scale) in every model, the costliest
stage to remove, and the only repair that lifts every
model, by roughly twenty-one points, so the qual-
ity gap between frontier models on this task is pri-
marily a forecasting gap. Second, models recon-
cile the narrative against the financial model pre-
cisely and then rarely carry the flagged risks into
the verdict. The failure is consistent across every
model tested and invisible to outcome-level eval-
uation. Third, scaffolding (the outline of canoni-
cal fields, staged method, and per-stage guidance)
changes stage-level behavior far more than the
panel score, raising forecast coverage several-fold
and bringing reconciliation and market evidence
into the memo while the score moves by a few
points, and critique raises cost by a factor of two

to five without reliable gain. The design transfers
to any task that reads a narrative source against
a structured one, such as a clinical note against
a chart. The evaluation is inexpensive to re-run
and difficult to game: the deterministic stages re-
quire no model in the loop, the masked forecast
resists contamination, and every conclusion sur-
vives a change of judge. DEALTRACE thus shows
which abilities can be trusted, not just whether the
answer is right.

Limitations

Scale. The corpus of ten deal packages used in
the presented evaluations limits deal-level power:
within-model condition differences and per-model
knockouts are directional rather than individually
significant. The evaluation itself has rich cover-
age, with 599 human-verified targets and a stage
regression over n = 313 runs; a larger deal corpus
would nonetheless strengthen the findings.

Critique coverage. Claude Fable 5, GPT-
5.6 Sol, and Gemini 3.6 Flash were not run under
solo outline + critique; the hybrid design of Ap-
pendix G answers the critique question for these
families, leaving only the Gemini pair inconclu-
sive.

Recall and propagation bounds. Reconcilia-
tion recall is reported against curated targets only
(Appendix J), since no exhaustive discrepancy in-
ventory exists for a live package. Risk propagation
credits cited carry-through. The stage regression is
unchanged with deal and model fixed effects ab-
sorbed (Appendix F).

Forecasting tails. Forecast misses are heavy-
tailed, so mean absolute percent error is reported
alongside within-five-percent accuracy rather than
alone.

Data Statement

DEALTRACE uses live, business-confidential
private-equity and M&A deal materials that
cannot be redistributed. The staged harness, the
deterministic metric code and a synthetic-mirror
corpus for replication are released at https://
github.com/Halluminate/DealTrace.
For additional, aggregate results see Appendix.
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Tool Returns

Workbook
list_sheets sheet names
describe_sheet dimensions, populated region
read_cell, read_range cached value + formula
read_row_label row label of a cell
read_column_header column header of a cell
search_cells_by_value cells matching a value
get_cell_format number format, styling
find_formulas_referencing cells that consume a cell
list_named_ranges named ranges
compute arithmetic over literals

Documents
list_cim_documents documents in the package
cim_outline section outline
read_cim_page page text
search_cim matching spans, by page

Table 5: The fifteen read-only tools through which the
agent accesses the package.

A Agent tools and the
document-exclusion protocol

The agent reaches the deal package only through
read-only tools; it never receives a file. Table 5
lists the fifteen tools. Workbook reads return the
cached computed value together with the formula
where one exists, so hard-coded inputs are distin-
guishable from derived figures; document reads
return page text the agent can quote and cite by
page and span; and compute is a calculator over
literals, so arithmetic is not done in prose. Mask-
ing is enforced at the tool layer, not the prompt
layer: any call that touches a masked forecast
cell returns a masked marker rather than a value,
whether the cell is addressed directly, inside a
range, through a named range, or via a formula
that references it. The same layer applies the
document-side guard at every stage, not only dur-
ing projection: documents that restate the forecast
(for example a projections section of the memo-
randum) are withheld from the tool index through-
out the run, and page text returned by any retrieval
call is scrubbed of figures that match masked-cell
values, so the forecast cannot be recovered from a
narrative restatement. Automated checks over the
served tool outputs confirm that no masked value
surfaced at any stage, and a human annotator fur-
ther verified this on the retrieved pages. The critic
in the outline + critique condition operates through
exactly these tools with the same masks; it never
sees ground truth (Section 3).

B Deterministic metric definitions

All deterministic metrics are computed per run and
averaged across the ten deals. Every verdict is a
mechanical comparison against the workbook, the
documents, or the ground truth.

Extraction and reconciliation precision. The
share of cited items whose claim matches the cited
source, over items with a determinable verdict.
An extraction item is correct when the value at
its cited cell or span matches the asserted value
within rounding, and a reconciliation item is cor-
rect when the two cited extraction items exist and
the asserted relationship, match or mismatch and
its direction, holds between them. Precision is the
appropriate axis because the model chooses what
to assert, and the metric asks whether those as-
sertions survive checking. Items without a deter-
minable verdict, such as claims about figures ab-
sent from the workbook, are excluded rather than
guessed. Recall against the curated targets is re-
ported in Appendix J.

Targeted forecast accuracy. The scored grid is
a fixed set of canonical (field, year) cells, identical
across deals, which makes forecasts comparable
across deals and models. A predicted cell is cor-
rect at the five-percent level when | |v̂|−|v| |/|v| ≤
0.05 against the true masked value v. Targeted ac-
curacy divides correct cells by all cells the model
was asked to predict, so an unattempted cell counts
as a miss and selective answering is not rewarded.

Coverage. The share of asked cells the model
predicted at all. Accuracy at ten percent and the
mean absolute percentage error are computed on
the same grid.

Error conventions. Errors are computed on
magnitudes, so a sign-convention flip, such as
costs reported as negatives, is not scored as a to-
tal miss. Sign agreement between prediction and
truth is 96–100 percent in every model and con-
dition, so this convention does not hide direction
errors. The horizon-degradation figure (Figure 1)
uses symmetric MAPE, | |v̂| − |v| |/(|v̂| + |v|),
which is bounded to [0, 100] and stable when the
true value is near zero.

Non-target accuracy and forecast quality.
Predictions outside the scored grid that land on
a workbook cell with a known value are graded
at the same five-percent bar (Appendix K). Fore-
cast quality is 0.8× targeted accuracy +0.2× the
within-five-percent rate over all predicted cells
with a workbook value. The grid dominates the
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weighting because an off-grid cell may have been
readable directly rather than forecast; the smaller
term credits correct work beyond the grid without
letting it substitute for the required cells.

Grounding. The share of market claims whose
quoted excerpt is verified on the cited page, and,
for the recommendation, the share of citations that
resolve to a real upstream item in the artifact store,
with invented citations as the complement. Both
checks grade the evidence trail itself, because a
claim whose quote or citation does not resolve
cannot be audited however plausible it reads.

Risk propagation. The share of misaligned
reconciliation findings, the items that flag a gen-
uine narrative-versus-model mismatch, that resur-
face in the recommendation. Matching is by the
finding’s identifier in the recommendation’s cita-
tions, which makes propagation a deterministic
check rather than a judgment about whether the
memo addressed a risk. The identifier rule counts
auditable carry-through: under the benchmark’s
citation rule, a risk discussed without citing its
finding cannot be traced to it, and such claims are
graded unsupported at the per-claim level, so an
uncited mention is a grounding failure rather than
propagation.

Overall accuracy. The share of correct items
over every deterministically gradable item in the
run. Pooling weights each stage by how much
checkable work it produces, and the result is the
judge-independent summary reported beside the
panel score in Table 1.

C Judge protocol and rubric

Each judge grades at two levels under an identi-
cal prompt, so differences between judges reflect
the judge, not the protocol. Per claim. For every
market and recommendation claim the judge re-
ceives the claim together with the exact upstream
items it cites, and nothing else; the deterministic
scorecard is not part of the per-claim input. It re-
turns strict JSON: a support label (supported,
partially_supported, unsupported), a
faithfulness score (1–5, does the claim assert more
than its evidence shows), and a relevance score
(1–5, is the claim material to the investment de-
cision). A claim citing no evidence cannot be sup-
ported; a claim contradicting its own evidence is
unsupported. To limit position and verbosity bias,
claims are presented in a fixed stage order and the
judge scores support before fluency. Per run. The

judge is instructed as a senior partner on an invest-
ment committee grading an analyst’s full writeup,
given the final recommendation text together with
the deterministic scorecard and the specific items
flagged wrong, the same verified record a review-
ing partner would hold while reading the work. It
first selects a rubric band, then places the score
within it: 90–100 committee-ready; 75–89 strong,
one revision; 60–74 competent but flawed, ma-
terial errors to fix before trusting the conclusion;
40–59 unreliable, substantial rework; 20–39 poor,
pervasive or wrong-target work; 1–19 unusable. A
hard rule caps the score below the top bands only
for degenerate output, a flat forecast, a forecast tar-
geting the wrong entity, or a recommendation con-
tradicting the analyst’s own numbers, regardless
of prose quality; the rule is categorical and con-
tains no graded accuracy term. The judge returns
the band, the 1–100 score with a written justifica-
tion, a reliability label (high/moderate/low), a bi-
nary committee-readiness ruling, and key failures
and strengths, as strict JSON with a fixed gener-
ation budget. The holistic score is not a restate-
ment of the scorecard. Because the per-run judge
sees the deterministic scorecard, the stage-metric
regression of Section 5 could in principle measure
how faithfully judges follow their instructions, and
the repair lifts of Section 5 could reflect a cleaner
scorecard rather than a better memo. The repair
grid separates the two. Every repair rung supplies
the true output of one stage and therefore drives
that stage’s scorecard entry to or near its ceiling
in the re-run, yet the four rungs move the panel
very differently: a true extraction changes the four
models by −2.6 to +10.8 points, a true reconcilia-
tion by about one point, and a true market brief by
essentially nothing, while the true forecast lifts ev-
ery model by twenty points or more (Table 12). If
the judges mechanically rewarded a cleaner score-
card, each rung would lift the score roughly in pro-
portion to the entry it fixes; three of the four fix
their entry and move nothing. Two further points
bound the concern. The hard rule guards against
degenerate output rather than grading accuracy:
its triggers, a flat forecast, a forecast targeting the
wrong entity, or a recommendation contradicting
the analyst’s own numbers, do not include sparse
coverage, so the near-empty but well-formed fore-
casts at the bottom of the observed quality range
(0.03, Table 2) are penalized through the coverage
metric and rubric-band placement rather than the
cap, and the rule does not bind over the observed
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range (0.03 to 0.47). And the per-claim level re-
ceives only the claim and its cited evidence, so
half of the grading protocol is independent of the
scorecard by construction.

D Prompt structure

Every system prompt is assembled from three
parts: a shared preamble, the condition pream-
ble, and the stage task prompt. This section sum-
marises their operative content; the verbatim text
ships with the released harness.

Shared preamble, identical in every stage
and condition. The model is cast as a finan-
cial analyst on a private-equity or M&A transac-
tion whose task is to produce accurate, grounded,
structured claims. Five standing rules follow. Rea-
soning first: write a short plan before calling tools
and reassess after each batch of calls. Ground-
ing: every numerical claim must cite a specific cell
or a specific document and page, and no number
may be fabricated. Units: every reported number
declares its unit, and uncertainty is stated rather
than guessed. Canonical cells: when several cells
hold the same value, bind to the source-of-truth
cell, using number formats, referencing formulas,
and named ranges to disambiguate. Derivations:
any computed number that does not come directly
from a cell or page is written in a structured deriva-
tion block giving its name, expression, and value,
so the arithmetic is checkable.

Condition preambles. Unguided states that no
schema, canonical field list, or draft is provided
and that the model must discover the deal structure
itself. Outline states that the canonical field list
and unit conventions are provided and that claims
must bind to those names. The critique pass in-
structs the critic to review the analyst’s draft for
errors and the analyst to re-verify every numerical
claim against the source data rather than copy the
draft.

Unguided stage prompts. Each states the task
and nothing else. Stage one, for example, asks the
model to extract whatever facts it judges an invest-
ment committee would need, deciding for itself
what matters and how thoroughly to read, with no
list of required fields.

Outline stage additions. Extraction receives
the canonical field list (enterprise value, entry
EBITDA, entry multiple, sources and uses totals,
IRR, MOIC, equity investment, and per-year rev-
enue and EBITDA) and the instruction to bind

each field to its source-of-truth cell. Reconcilia-
tion is asked to locate the seller claim correspond-
ing to each workbook field and classify the gap
as seller-optimistic, seller-pessimistic, or agree-
ing within tolerance. Forecasting is asked to pre-
dict the masked cells from the workbook’s visible
growth assumptions, the trajectory of prior-year
actuals, and the model’s own methodology, with
the explicit instruction not to invent values from
priors but to reason from cells it can actually see.
Market and recommendation receive per-stage de-
scriptions of what a complete artifact contains, in-
cluding the required citation form.

Judge prompts. The per-claim judge receives
one claim with the exact upstream items it cites
and returns strict JSON with a support label and
faithfulness and relevance scores. The per-run
judge is instructed as a senior partner on an in-
vestment committee, receives the deterministic
scorecard and the recommendation text, selects a
rubric band and then a score within it, and returns
strict JSON with the score, a reliability label, a
committee-readiness ruling, and key failures and
strengths. Bands, the hard rule, and the schema
are given in Appendix C.

Worked examples inside the released stage
prompts reference specific deal packages and are
therefore omitted here and sanitized in the release.

E Inter-judge agreement: four judges
treated as equals

No single model should be privileged as the ar-
biter of quality, so every run of every condi-
tion, including every ablation run, is graded by
all four frontier models as judges (Opus 4.7, Fa-
ble 5, GPT-5.6 Sol, and Gemini 3.6 Flash) and
we analyse them symmetrically: none is a refer-
ence against which the others are measured. The
judges agree on ordering. Pairwise Pearson cor-
relation between judges over the 21 graded model-
condition cells averages 0.89 and never falls below
0.83; rank agreement gives a mean Kendall τ of
0.70 and a four-judge concordance of Kendall’s
W = 0.88 (Table 6, Figure 3). At the level
of individual (deal, model, condition) gradings,
every pair of judges correlates at r = 0.82–
0.86 over the 206 complete four-judge gradings;
a single judge carries an intraclass correlation of
ICC(2, 1) = 0.82, and the four-judge panel mean
reaches ICC(2, 4) = 0.95, which is the quantita-
tive reason the paper reports the panel rather than
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Figure 3: Pairwise judge agreement: Pearson r above
the diagonal, Kendall τ below.

any one grader (Table 7). Agreement on the ab-
lation grid is the same (ICC(2, 4) = 0.95 over
280 gradings). Agreement on the categorical rul-
ings is moderate, as expected for thresholded la-
bels (Fleiss’ κ = 0.58 on the reliability label, 0.55
on committee-readiness). The judges disagree
on level, not on placement. The mean assigned
score over the cells runs from 51.1 for Opus 4.7,
the harshest judge, to 56.3 for Gemini 3.6 Flash,
the most lenient, which also separates runs most
widely (30.6 points against GPT-5.6 Sol’s 22.4;
Table 8, Figure 6). Plotted against the panel mean,
every judge tracks the panel at r ≥ 0.96 with a
level offset of a few points (Figure 4); the offset is
that judge’s mean signed deviation from the panel,
negative for a harsher grader and positive for a
more lenient one. Model rank under each judge
moves by at most one mid-field position. A bench-
mark keyed to an absolute committee-readiness
threshold would have to fix and calibrate a judge;
one that compares relative capability, as ours does,
is safe under any of the four. No judge favours its
own family. The own-family delta, a judge’s mean
score on analysts from its own model family mi-
nus the other judges’ mean on those same runs, is
small for every judge and negative for Opus 4.7
(−2.6): Opus is harsher on Anthropic analysts
than the panel is. Fable 5, Gemini 3.6 Flash, and
GPT-5.6 Sol sit at +1.1, +2.2, and +2.1 (Table 9,
Figure 5). The self-enhancement bias that model-
based judging risks (Zheng et al., 2023) does not
appear here in any direction. Two consequences
for how the paper is read. First, because ordering
is judge-invariant and the panel mean is the most
reliable available instrument, the body reports the
four-judge panel mean throughout, alongside the
per-judge columns of the main table; the per-judge
ablation grids are in Appendix F. Second, absolute
scores are judge-relative and are never compared
across judges: a memo is not “62 good,” it is “62
under Opus, 67 under Gemini 3.6 Flash,” and ev-
ery delta the paper quotes is a within-scale com-
parison.

F Every result under every judge

The body reports the four-judge panel mean; this
section gives the same results judge by judge so

Opus Fable Gem 3.6 Sol

Opus 1.00 0.84 0.94 0.86
Fable 0.66 1.00 0.90 0.86
Gem 3.6 0.81 0.72 1.00 0.93
Sol 0.70 0.63 0.76 1.00

Table 6: Pairwise agreement between judges over the
21 graded model-condition cells: Pearson r above the
diagonal, Kendall τ below. Mean pairwise r = 0.89
(minimum 0.83); mean τ = 0.70; Kendall’s W =
0.88.

Statistic Value Basis

Mean pairwise Pearson r 0.89 21 cells
Mean pairwise Kendall τ 0.70 21 cells
Kendall’s W (concordance) 0.88 21 cells
ICC(2, 1), single judge 0.82 206 gradings
ICC(2, 4), panel mean 0.95 206 gradings
ICC(2, 4), ablation grid 0.95 280 gradings
Fleiss’ κ, reliability label 0.58 206 runs
Fleiss’ κ, committee-readiness 0.55 206 runs

Table 7: Inter-rater reliability of the four-judge panel,
on the holistic score and on the judges’ categorical rul-
ings.

any claim can be checked against a single grader.
Table 10 repeats the knockout grid under each
judge: the ordering, in which forecast removal
costs at least as much as reconciliation removal,
holds for all four models under all four judges.
Table 12 and Figure 7 repeat the repair chains:
the forecast rung lifts the score by 17 to 27 points
in all sixteen judge-model cells, so the conclusion
of Section 5 does not depend on the grader. The
same grid carries the dissociation established in
Appendix C: every rung perfects its own score-
card entry, and only the forecast rung moves the
score. Extraction and forecast repairs supply ex-
act ground truth, whereas reconciliation and mar-
ket repairs are best-effort approximations, so the
conclusions of Section 5 rest on the two exact lev-
els. Table 11 gives the pooled stage-metric regres-
sion quoted in Section 5, and Table 13 re-fits it un-
der each judge, with forecast quality the dominant
coefficient in every fit. The pooled fit treats ob-
servations that share a deal or a model as indepen-
dent; re-fitting with deal and model fixed effects
absorbed leaves forecast quality dominant (stan-
dardized β = +0.73, p < 0.001), so the associa-
tion is within-deal and within-model, not an arti-
fact of pooling. Table 14 recomputes the efficiency
of the outline runs under each judge; the ranking
of the six models is identical under all four.
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Figure 4: Each judge’s cell score against the four-judge panel mean, with the identity line. The offset in each
title is that judge’s mean signed deviation from the panel over the same cells: negative means the judge assigns
systematically lower scores than the panel (a harsher grader), positive a more lenient one. The high r with small
offsets says the judges agree on where a run sits relative to the others and differ mainly in level.

Judge Mean SD Spread |dev. from panel|
Claude Opus 4.7 51.1 7.2 25.2 2.6
Claude Fable 5 53.3 7.4 25.2 1.2
Gemini 3.6 Flash 56.3 8.2 30.6 2.7
GPT-5.6 Sol 53.7 6.8 22.4 1.4

Table 8: Judge leniency and discrimination over the
graded model-condition cells: mean assigned score, its
standard deviation, the spread between that judge’s best
and worst cell, and the mean absolute deviation from
the panel mean.

Judge Own-family delta

Claude Opus 4.7 −2.6
Claude Fable 5 +1.1
Gemini 3.6 Flash +2.2
GPT-5.6 Sol +2.1

Table 9: Own-family bias: a judge’s mean score on
analyst runs from its own model family minus the other
three judges’ mean on the same runs. Positive favours
its own family; no delta is large enough to change any
ordering in the paper.

G Hybrid critique: a small analyst with
a flagship critic

Self-critique raises cost by a factor of two to five
without a reliable gain, but it holds the critic and
the analyst at the same capability. The hybrid
condition therefore pairs a small analyst with a
same-family flagship critic: the analyst produces
the outline run, the flagship audits the run’s arti-
facts and citations, and the analyst revises once.
Table 15 reports the three pairs, each graded by
all four judges, alongside each family’s flagship
running the task solo. A flagship critic helps only
where the analyst is already strong. For Sonnet 5
with a Fable 5 critic the gain is +5.9 on the four-

Figure 5: Self-favoritism by judge: the judge’s mean
score on analyst runs from its own model family mi-
nus the other three judges’ mean on those same runs.
Positive means the judge grades its own family above
the panel’s view of the same work; negative means it is
harsher on its own family.

Figure 6: Distribution of assigned scores by judge over
all graded runs. The judges differ in leniency and in
how widely they separate runs, which is why absolute
scores are judge-relative and only within-scale compar-
isons are made.

judge panel and positive under every judge, from
+3.0 under Opus to +9.4 under Sol, though at
ten deals the paired gain does not survive correc-
tion (p = 0.09 uncorrected); for GPT-5.6 Luna
with a GPT-5.6 Sol critic the panel change is −0.2
and mixed in sign across judges. The third pair
sits at the capability floor: the Gemini 3.1 Flash-
Lite analyst emits a median of about five forecast
cells per deal against forty to fifty for the other
two analysts, with correspondingly thin extraction
and reconciliation and no errors or truncation, and
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Figure 7: The repair chain of Figure 2 under each judge separately, one row per judge and one column per model.
The forecast rung is the only one that moves the score, in all sixteen judge-model cells, so the causal claim of
Section 5 does not rest on the choice of judge.

Judge Condition Opus Fable Sol Flash

Claude Opus 4.7

Outline base 53.0 62.9 61.5 48.7
−reconcile 50.9 57.3 63.7 45.9
−forecast 46.0 56.0 56.1 44.1
−both 43.6 55.4 56.4 39.7

Claude Fable 5

Outline base 59.1 65.7 65.5 54.0
−reconcile 60.2 61.3 59.7 59.8
−forecast 52.6 54.1 52.2 52.9
−both 48.5 47.0 48.4 47.6

Gemini 3.6 Flash

Outline base 60.0 69.8 71.8 54.3
−reconcile 66.1 63.5 64.2 65.4
−forecast 54.8 55.4 56.0 55.9
−both 52.7 51.7 55.4 51.8

GPT-5.6 Sol

Outline base 53.2 63.7 66.7 50.8
−reconcile 57.7 58.2 56.6 58.1
−forecast 55.9 56.0 56.1 56.0
−both 51.4 52.7 50.5 53.6

Four-judge panel

Outline base 56.3 65.5 66.4 52.0
−reconcile 58.7 60.1 61.0 57.3
−forecast 52.3 55.4 55.1 52.2
−both 49.0 51.7 52.7 48.2

Table 10: Knockout under every judge; each block is
one judge and the last block is the four-judge panel
mean reported in the body (Table 4).

Stage metric Std. β Univ. r p

S1 extraction precision +0.212 +0.423 < 0.001
S2 reconciliation precision +0.135 +0.259 < 0.001
S3 forecast quality +0.770 +0.852 < 0.001
S4 grounding +0.184 +0.306 < 0.001
Risk propagation +0.013 +0.050 0.380

Table 11: Association of each stage metric with the
four-judge panel score, over all model, condition, and
deal observations including the knockout and repair
runs, with predictors and score standardized, n = 313.
Forecast quality is the dominant correlate. Table 13 re-
ports the same regression under each judge separately.

its critiqued run gains +2.4 panel points over its
solo run, a floor effect carried by the near-empty
artifacts rather than by critique. At the capabil-
ity floor the binding constraint is the volume of
structured work the analyst produces for a critic
to audit. The comparison that is significant runs
the other way: in every family the critiqued an-
alyst remains below the flagship running the task
solo (Table 15, ∆ column; Holm-corrected paired
tests by deal, pooled −11.2 points, p < 0.001),
so a flagship critic recovers only part of the gap
to the flagship itself. The cost asymmetry com-

Judge Repair level Opus Fable Sol Flash

Claude Opus 4.7

main (outline) 53.0 62.9 61.5 48.7
+true extract 54.4 60.8 63.3 55.9
+true reconcile 53.1 61.9 62.5 58.0
+true forecast 79.8 85.5 86.4 79.6
+true market 78.0 84.2 85.3 82.8

Claude Fable 5

main (outline) 59.1 65.7 65.5 54.0
+true extract 63.4 63.3 62.7 64.5
+true reconcile 64.7 65.6 66.7 65.6
+true forecast 85.4 86.1 85.1 85.2
+true market 83.0 84.4 85.3 84.7

Gemini 3.6 Flash

main (outline) 60.0 69.8 71.8 54.3
+true extract 68.1 68.7 69.0 69.5
+true reconcile 67.2 68.4 69.0 69.9
+true forecast 88.5 88.5 88.2 89.5
+true market 89.7 89.0 88.7 88.4

GPT-5.6 Sol

main (outline) 53.2 63.7 66.7 50.8
+true extract 62.6 60.7 60.3 61.3
+true reconcile 59.3 62.5 62.6 60.5
+true forecast 81.0 79.9 83.9 82.4
+true market 80.1 82.1 81.9 81.4

Four-judge panel

main (outline) 56.3 65.5 66.4 52.0
+true extract 62.1 63.4 63.8 62.8
+true reconcile 61.1 64.6 65.2 63.5
+true forecast 83.7 85.0 85.9 84.2
+true market 82.7 84.9 85.3 84.3

Table 12: Repair under every judge; the forecast rung
is the one that moves the score in every judge-model
cell.

pounds this: the Sonnet 5 analyst cost $537 over
the ten deals against $187 for its critic, while Fa-
ble 5 ran the same task solo for $208 at a higher
score.

H Provenance composition of the
recommendation

Figure 8 decomposes each recommendation by the
upstream stage its citations point to, one panel per
condition and one bar per model. Under the un-
guided baseline the recommendation rests almost
entirely on extraction and forecast items; under
outline, reconciliation and market items enter the
memo, which is the mechanism behind the broader
evidence base discussed in Section 4.2. In the out-
line + critique panel the last three bars are the
hybrid pairs (small analyst with the same-family
flagship critic, Appendix G).

I Reconciliation precision by condition

The unguided baseline emits no gradable reconcil-
iation citations, so reconciliation is gradable only
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Stage metric Opus Fable Gem. 3.6 Sol Panel

S1 extraction precision +0.26 (+0.46) +0.16 (+0.37) +0.23 (+0.42) +0.17 (+0.37) +0.21 (+0.42)
S2 reconciliation precision +0.10 (+0.22) +0.15 (+0.27) +0.14 (+0.26) +0.12 (+0.24) +0.13 (+0.26)
S3 forecast quality +0.75 (+0.84) +0.77 (+0.84) +0.71 (+0.79) +0.72 (+0.79) +0.77 (+0.85)
S4 grounding +0.16 (+0.27) +0.20 (+0.32) +0.17 (+0.29) +0.18 (+0.29) +0.18 (+0.31)
Risk propagation +0.01 (+0.04) +0.01 (+0.05) +0.01 (+0.04) +0.02 (+0.06) +0.01 (+0.05)

Table 13: The stage-metric regression of Table 11 re-fit under each judge and on the panel; cells are the standard-
ized coefficient with the univariate correlation in parentheses (n = 313–314). Forecast quality dominates under
every judge.

Model Cost ($) Opus Fable Gem. 3.6 Sol Panel

Opus 4.7 95.0 0.45 0.51 0.51 0.46 0.48
GPT-5.5 55.5 0.87 0.97 0.96 0.97 0.94
Gemini 3.1 Pro 26.5 1.22 1.33 1.31 1.38 1.31
Fable 5 207.8 0.27 0.28 0.30 0.27 0.28
GPT-5.6 Sol 28.8 1.87 1.99 2.18 2.02 2.01
Gemini 3.6 Flash 22.0 1.48 1.64 1.65 1.54 1.58

Table 14: Efficiency of the outline runs under each judge and on the panel: that judge’s score weighted by overall
accuracy, per US dollar of measured API cost, the efficiency definition of Table 1 applied judge by judge. The
Panel column matches the outline-block efficiency row of Table 1. The ranking of the six models is identical under
all four judges.

Figure 8: Provenance composition of the recommenda-
tion, one panel per condition, one bar per model. The
unguided baseline rests on extraction and forecasting;
scaffolding brings reconciliation and market evidence
into the memo. In the outline + critique panel, the last
three bars are the hybrid pairs (small analyst + same-
family flagship critic).

under scaffolding. Pooled over (model, deal) runs,
precision is 93.4±10.1 percent under outline (n =
60 runs) and 88.1 ± 20.1 percent under outline
+ critique (n = 58). The critique pool includes
the hybrid analysts’ runs; restricted to the models
run solo in all three conditions, the critique figure
is 92.5 percent, so the drop reflects the hybrids’
smaller analysts rather than the condition itself.

J Recall against the curated ground
truth

Precision grades what the model chooses to as-
sert; recall bounds the complementary risk, that
a model asserts little and looks clean. We report
recall where the ground truth defines a target set

and volumes where it does not. For extraction,
the ground truth pins 113 workbook-critical facts
across the ten deals, the figures an analyst must
hold to reproduce the valuation, and recall is the
share of these facts the model surfaces under out-
line, matched by the cited cell or by value within
the fact’s tolerance on the same sheet. Recall is
48 (Opus 4.7), 49 (GPT-5.5), 28 (G. Pro), 71 (Fa-
ble), 50 (Sol), and 45 (GF 3.6) percent. Extrac-
tion is therefore high-precision and partial-recall,
and the extraction repair of Section 5 bounds the
downstream cost of the missed facts at a few panel
points. For reconciliation, the curated list pins 30
expected verdicts (23 aligned, 7 misaligned); it ex-
ists to define the repair intervention’s true recon-
ciliation, not to enumerate every discrepancy in
a live package. Volume rules out the degenerate
case of a short, clean finding list: under outline
the models emit a median of 14 to 53 reconcilia-
tion findings per deal and flag a median of 7 to 37
as misaligned, several times the curated list, and
precision is computed over all of them. The risk-
propagation denominator is likewise the model’s
own flagged set, so the percentages of Table 3 are
computed over dozens of findings per run.

K Off-grid forecast predictions

Models frequently predict cells outside the scored
canonical grid. These are excluded from the fore-
cast metric, because a cell outside the masked re-
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Judge score, by judge

Family Run Opus 4.7 Fable 5 Gem. 3.6 F GPT-5.6 Sol Panel mean ∆

Sonnet 5
solo (outline) 49.8 54.8 54.5 48.1 51.8
+ Fable 5 critic 52.8 58.1 62.4 57.5 57.7 +5.9
Fable 5 solo 62.9 65.7 69.8 63.7 65.5 −7.8‡

GPT-5.6 Luna
solo (outline) 44.4 53.6 52.6 51.5 50.5
+ GPT-5.6 Sol critic 43.3 51.2 53.2 53.7 50.4 −0.2
GPT-5.6 Sol solo 61.5 65.5 71.8 66.7 66.4 −16.0‡

Gem 3.1 F-Lite
solo (outline) 37.7 40.5 41.2 44.3 40.9
+ Gem 3.1 Pro critic 43.4 41.2 43.3 45.4 43.3 +2.4
Gem 3.1 Pro solo 47.9 52.2 51.5 54.3 51.5 −8.1‡

Table 15: Hybrid critique, all runs scored by the four judges and their panel mean. Each block is one model family:
the small analyst run solo under outline, the same analyst revised once after the family’s flagship critic audits its
artifacts, and the flagship itself run solo under outline. The score columns are the four judges, not the models being
run. ∆ on the critic row is the panel change from adding the critic (critic − solo); ∆ on the flagship row is how far
the critiqued analyst still sits from the flagship working alone (critiqued analyst − flagship). ‡Gap to the flagship
significant under Holm-corrected paired t-tests by deal. The Gemini pair rests on near-empty analyst runs and is
not comparable.

Condition Off-grid preds Checked Acc@5%

Unguided baseline 3332 2929 37.2
Outline 1192 1140 46.1
Outline + critique 1061 948 37.3

Table 16: Off-grid predictions pooled over models and
deals: how many were made, how many land on a
workbook cell with a checkable value, and the share
within five percent. The unguided baseline predicts al-
most three times as many off-grid cells and is less ac-
curate on them.

gion may have been readable directly, but they are
informative as a discipline diagnostic. Table 16
pools them over models and deals: scaffolding
cuts off-grid predictions by almost a factor of three
and raises accuracy on those that remain.

L Between-model statistics

One observation is a (model, condition, deal) run,
pooled over the three conditions with the O+C ob-
servations for Fable, Sol, and GF 3.6 taken from
the hybrid runs, exactly as Table 1 reports them.
The one-way analysis of variance across the six
models is significant on the panel score (F =
7.64, p < 0.001) and on accuracy (F = 7.00,
p < 0.001); Table 17 lists every pairwise com-
parison that survives the Holm correction. All
pairwise comparisons in the paper are Welch t-
tests (paired t-tests by deal where the same deals
are compared within a model), Holm-corrected at
α = .05 within each test family; where several
analyses of variance address one question, the cor-

Metric Pair Diff. pHolm

Panel Fable 5 > Gem. 3.6 Flash +12.2 .001
Panel Fable 5 > Gem. 3.1 Pro +12.1 .001
Panel Fable 5 > Opus 4.7 +10.3 .004
Panel GPT-5.5 > Gem. 3.6 Flash +11.7 .005
Panel GPT-5.5 > Gem. 3.1 Pro +11.7 .006
Panel GPT-5.5 > Opus 4.7 +9.8 .018
Panel GPT-5.6 Sol > Gem. 3.6 Flash +8.5 .049
Acc. GPT-5.5 > Gem. 3.1 Pro +19.4 .002
Acc. Fable 5 > Gem. 3.1 Pro +17.8 .003
Acc. GPT-5.5 > Gem. 3.6 Flash +16.9 .011
Acc. Fable 5 > Gem. 3.6 Flash +15.3 .022

Table 17: Every Holm-significant pairwise compari-
son between models, pooled over the three conditions
(panel score and overall accuracy). No other pair sur-
vives correction.

rection is applied to their p-values as a family be-
fore any post hoc is read.

M Cost and token usage

Costs are measured from per-call API usage
ledgers written during the runs, in US dollars
over the ten deals. Under outline, the full ten-
deal run cost $95.0 for Opus 4.7, $55.5 for GPT-
5.5, $26.5 for Gemini 3.1 Pro, $207.8 for Fa-
ble 5, $28.8 for GPT-5.6 Sol, and $22.0 for Gem-
ini 3.6 Flash, on input volumes of 15.8, 7.7, 12.1,
12.1, 8.9, and 23.5 million tokens. The unguided
runs cost $63.6, $46.7, $23.7, $146.4, $20.5, and
$17.2 in the same order; the first three predate the
ledger and are reconstructed from archived per-
stage transcripts priced at the same per-token rates,
a reconstruction that matches the ledger within
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rounding for GPT-5.5 and Gemini 3.1 Pro and
within six percent for Opus 4.7, whose transcripts
do not separate cache reads. The critique pass
raises cost by a factor of 1.9 (Opus 4.7, to $183.6)
to 5.2 (Gemini 3.1 Pro, to $137.0), with GPT-5.5
at $161.3. In the hybrid pairs, the Sonnet 5 analyst
cost $537 with a $187 Fable 5 critic, GPT-5.6 Luna
$2 with a $17 Sol critic, and Gemini 3.1 Flash-Lite
$13 with a $4 Pro critic. Grading by the four-judge
panel added $523 over the Opus 4.7, GPT-5.5,
Gemini 3.1 Pro, and hybrid grids and $163 over
the Fable, Sol, and GF 3.6 grids, dominated by the
most expensive judge (Fable 5, roughly $2.4 per
outline memo against $1.0 for Opus 4.7 and under
$0.8 for the other two).
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