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Abstract

An evaluation of early answers must choose which questions to release and how to read
their answers. Using one scoring convention for both choices can make two procedures
look similar while concealing their sensitivity to either choice. We measured this depen-
dence on stored trajectories from Huginn and Ouro, using cloze scoring on three filtered
benchmarks with 200 questions per task and cohort. The historical cohorts share questions;
the three cohorts are not independent replications. At 50% release in the headline windows,
changing the selection margin with the answer readout fixed changed revision risk by 9.33
to 12.00 percentage points (pp). Changing the readout with the margin fixed changed it
by 9.67 to 13.00 pp. Yet changing both together gave only 0.33 to 3.00 pp. Similar risks
for complete procedures therefore did not establish interchangeable selection margins.
Separate sum-to-mean grids within each length unit also placed the lowest tested risks
near matching rules. At the headline windows, final-depth disagreement retained the fixed-
readout margin effect, although its magnitude depended on the outcome definition and
observation window. Lower revision risk established neither an accuracy gain nor better
stopping decisions. The results support a practical evaluation check: hold the answer rule
fixed when comparing selectors, then cross the rules to measure dependence on the target.

Keywords: adaptive computation; recurrent reasoning; early exit; answer scoring; surprisal;
candidate entropy; revision risk; selective prediction; evaluation protocols

1. Introduction

When a recurrent language model performs more computation, its preferred answer
can change. An evaluator may want to return some answers early and measure how
often they would later change. Four terms describe this evaluation. The readout converts
candidate scores into an answer, usually by choosing the highest score. The margin is the
gap between the two highest scores; it ranks questions by the lead of the current winner.
A release returns an answer at an earlier depth. A revision occurs if that answer changes
at any observed later depth, including a change followed by a return. Here, release is
evaluated on stored trajectories rather than deployed as a stopping policy.

The same scoring convention often supplies both the margin and the readout. This
couples two choices: which questions enter the released set, and what counts as a revision
on those questions. Comparing two such complete procedures changes both at once.
Similar reported risks therefore do not show that their margins can be used interchangeably
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under a fixed answer rule. We measure the size of this distinction by crossing selection
margins and answer readouts on the same model outputs.

For example, on our new Ouro questions, the token and byte procedures gave revision
risks of 13.00% and 13.67% when each used its own margin to release half the questions.
Keeping the byte answer rule but selecting with the token margin raised risk to 25.67%.
The margins therefore selected sets with substantially different risks under the same answer
rule, despite the similar risks of the complete procedures.

The direction of the dependence is plausible before seeing the data. A large margin
under convention w means that w’s own winner has a substantial lead. Selecting on that
margin should tend to protect answers defined by w more than answers defined by another
convention v. This is an expectation, not a guarantee: an anchor margin alone does not
constrain subsequent score changes. Nor does it determine the size of the risk difference.
In our headline comparisons, changing one rule shifted risk by roughly 10 percentage
points (pp), whereas changing both shifted it by only 0.33 to 3.00 pp. The contribution is
this measured dependence and its consequence for interpreting evaluations. The algebra
that separates the two changes is standard.

Length normalization already affects candidate preferences and accuracy. OLMES
compares scoring conventions and makes task-specific recommendations [1]; Oostermeijer
analyzes length bias and proposes a Bayesian correction [2]. Surface form competition
motivates other corrections, including the pointwise mutual information (PMI) scoring that
OLMES recommends for our three tasks [1,3]. Presenting answer options together instead
of scoring separate continuations also changes measured ability [4]. Changes in answer
selection can move model rankings [5]. The Language Model Evaluation Harness paper
describes the difficulty of reproducing these choices [6]; its documentation and a repository
issue record the character-versus-byte normalization distinction used here [7,8]. We extend
this question from predictions at one depth to revision events across depths and to the
questions selected for evaluating them.

Prediction churn distinguishes changes in individual predictions from changes in
aggregate performance [9]. Agreement between measurement summaries likewise need
not imply agreement on individual cases [10,11]. Kim and Kang show that confidence
comparisons can change when the scoring context changes while generated answers and
correctness labels remain fixed [12]. Our comparison fixes candidate forward outputs and
varies their arithmetic readout. It separates risk changes caused by selecting different
questions from changes caused by redefining revision.

Adaptive computation methods learn when to stop or select exits at inference [13-17].
Confident adaptive language modeling (CALM) and risk-controlled early exit evaluate
explicit consistency or performance objectives [18,19]. Our release fraction and revision risk
form a risk—coverage pair, as in selective classification [20,21]. Adaptive-depth evaluations
of looped models also separate trajectory formation from exit selection [22]. We study
a further choice within the evaluation: the answer rule defining the revision objective.
Crossing selectors and answer rules identifies which choice accounts for the measured
risk difference.

We use Huginn and Ouro trajectories from three filtered multiple-choice benchmarks,
with 200 questions per task in each of three cohorts [23,24]. Two historical cohorts share
questions across models; a later Ouro cohort contains questions not previously collected in
this study. All principal comparisons use cloze scoring and 50% release. We report crossed
risks, task-level results, and sensitivity to the revision outcome and observation window.
Separate exponent grids test sum-to-mean families within a length unit. A supporting
two-point check tests whether normalization can change a winner at a fixed depth. Together
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these analyses give evaluators a way to expose dependence that a comparison of complete
procedures can conceal.

2. Materials and Methods
2.1. Trajectories, Cohorts and Scoring Rules

We used the released Huginn checkpoint tomg-group-umd/huginn-0125 and
Ouro checkpoint ByteDance/0Ouro-2.6B without further training. The tasks were ARC-
Challenge [25], CommonsenseQA [26] and OpenBookQA [27]. Each historical task cohort
contained 256 source questions and 200 disjoint evaluation questions. The historical eval-
uation questions were shared across the two models. Huginn outputs had already been
inspected, so analysis of its historically named “confirmation” cohort is retrospective.
The original Ouro replication collected new outputs on previously studied questions after
its protocol was fixed. A later Ouro cohort added 200 questions per task under a separate
local prospective protocol. These filtered benchmark subsets support comparisons within
the sampled questions and models, with limited coverage of full benchmarks and model
architectures. New questions means new to this study’s recorded collection, not known to be
absent from model pretraining. OpenBookQA uses the test split historically and validation
in the new cohort.

Huginn’s 16/128 window was inherited from the exploratory analysis of its stored
128-step trajectories. It compares an early observation with a longer observed future; it was
not selected by a prospective optimization criterion for this paper. Ouro’s horizon is its
default four passes, with pass 2 as an intermediate anchor, fixed before the cloze replication
was collected. A Huginn step and an Ouro pass are model-specific recurrence units, not
equal units of cost. The revision analysis tests additional anchors and horizons on the
same scores rather than treating either headline window as generally optimal. Table 1
summarizes the cohorts, observation windows and evidence status.

Table 1. Evidence units in the main measurement. Each row contains 600 questions, 200 per task.
Historical questions overlap between models, and multiple analyses reuse each row’s outputs.
The newer OpenBookQA cohort uses validation; the historical cohort uses the test split.

Anchor/Horizon (Huginn:

Cohort Steps; Ouro: Passes) Evidence Status
Huginn historical 16/128 Exploratory reanalysis of existing outputs
Ouro historical 2/4 Original prespecified replication with new outputs on

historical questions

Ouro new questions

Local prospective factor protocol; later descriptive

2/4 .
analyses reuse its outputs

For question i, candidate j and recurrent depth u, let L;j(u) be its teacher-forced
continuation log likelihood. Cloze scoring evaluates the complete candidate text after the
question prompt. Within each model, all scoring views use the same candidate forward
passes, inputs and initialization. They differ only in the arithmetic readout. Huginn used
padded candidate batches with a shared initialization draw; Ouro evaluated separate
candidate sequences. Invalid candidate slots are masked, and answer ties use the smallest
original candidate index. Collection details and numerical acceptance checks for both
historical and new-question cohorts are given in Supplementary Section S1. Supplementary
Data S1 provides their protocols, numerical metadata and stored scores. Table 2 summarizes
the scoring rules and their roles.
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Table 2. Scoring rules and their roles. All length divisors are positive. The cloze rules count the
scored continuation, including its leading space. H1 is the historical Language Model Evaluation
Harness reference described below.

Rule Score Role Here

Sum Ljj Second readout in the paired label comparison
Byte mean L;j/bj;  Principal readout throughout

Token mean Lij/kij  Principal alternative margin

Cloze character mean  L;;/ Cijr Convention pairs and invariance checks
1

H1 character mean Lij/c; i ARC /OpenBookQA harness reference

Cloze character length ¢;; counts Unicode code points in the scored continuation.
H1 denotes the historical reference using public Language Model Evaluation Harness
task definitions [6]. It scores answer texts by character-normalized likelihood on ARC
and OpenBookQA, but answer letters by unnormalized likelihood on CommonsenseQA.
For its character-normalized scores (acc_norm), cfjn counts the original choice without the
target delimiter. These are different text boundaries. The issue and metrics documentation
identify the corresponding implementation distinction [7,8].

Write sg(u) for a score and y}(u) = argmax; sf]-(u) for its returned answer. The
negative byte/token mean scores are average surprisal in different units. Candidate entropy
is a separate quantity, obtained from pZ- = exp(sg’]-/ )/ Ly exp(s}}./ /7). The temperature
T sets its scale. This candidate-restricted softmax has no established calibration as a
correctness probability.

2.2. Revision Labels, Margins and Readouts

For anchor t and observed horizon T, define
RY=1{Fue{t+1,...,T}:y7(u) #y7(t)}. 1)
A revision followed by return to the anchor answer counts as a revision. The final-depth
alternative is RY  ; = 1{y{(T) # y;(t)}. Transient revisions have RY = 1and RY_ 4 = 0.
Correctness against gold g; is a separate outcome. Later observations are used to evaluate
outcomes; margins use only the observed prefix. For byte/sum revision labels, we report the
complete paired 2 x 2 table. If its counts are ng, 101, 1119, 1111, positive specific agreement is
2n11/(2n11 + ng1 + nyp) and negative specific agreement is 2nog / (2ngg + o1 + 110). We also
report Cohen’s x, whose dependence on marginal prevalence limits its use as a standalone
measure of measurement validity [28,29].
Let AY € [0,1] denote release using the top-two margin under margin rule w at depth
t. The principal fixed-quota comparison releases the highest-margin fraction 4 = 0.5 in
each task: 100 of 200 evaluation questions. At boundary ties, fractional membership is the
expected inclusion under uniform random selection to meet the quota exactly: weights
are 1 above the boundary, 0 below it, and equal fractional weights at the boundary whose

sum fills the remaining quota. Thus AY is an inclusion weight rather than always a binary
indicator. Define

- AWRY
r(v,w) = Llwl, D(v + w) = r(v,w) — r(v,v). ()
Zi A,‘
Here v is the readout, which fixes the returned answer and the revision event, and w is
the margin, which fixes what is released. Both estimands are valid for their respective
questions. A fixed readout need not supply the best margin.
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Call r(b, b) and r(k, k) the matched settings, each taking its margin and its readout
from one convention, and r(b, k) the crossed setting. Then

r(b,b) —r(k, k) = (r(b,k) —r(k,k)) — (r(b, k) — r(b,b)), (3)

complete procedure readout leg margin leg

so comparing complete procedures returns the difference of two legs that each measure
one substitution against the crossed setting. Read as a walk from r(k, k) to r(b, b) through
that setting, the first step adds the readout leg and the second subtracts the margin leg.

Between the sum rule and the length mean, Equation (6) below supplies a continuous
family. We therefore computed r(«, ), the risk under the readout at exponent « among
the questions released by the margin at exponent B, on the grid «,p € {0,0.1,...,1},
separately for the token and byte units. The token grid crosses sum and token mean,
and the byte grid crosses sum and byte mean; the byte/token crossed settings belong to
neither grid. The quota, tie handling and bootstrap draw are those of the legs, so all 121
cells of one cohort share one resample. Three criteria were fixed before any interior cell
was computed, after the corner results were known. The first required the mean risk of
cells whose exponents differ by at least 0.5 to exceed the diagonal mean, with an interval
excluding zero, in every cohort and unit. The second required the mean risk at each
exponent distance to increase with distance, with Spearman correlation at least 0.8 and a
positive difference between the farthest and the middle distance. The third required the
margin exponent that minimises risk at a fixed readout to lie within 0.2 of the readout
exponent in at least 9 of the 11 rows. These summaries used the smallest exponent attaining
the row minimum. The registered analysis also recorded whether this chosen minimiser
was nearly constant. A post-result check tested for a common empirical minimiser across
all readouts, retaining every exponent whose unrounded risk was within 10~ percentage
points of its row minimum and intersecting these sets over rows. This tolerance left the
original smallest-exponent choices unchanged.

Whole-cohort hybrid accuracy is

a’(A) = %Z[Ail{}/?(f) =&} + (1= AUy (T) = gi}]- 4

1

Revision risk conditions on releases; hybrid accuracy uses all questions. Neither quantity
measures latency or floating-point operations (FLOPs).

2.3. Question-Wide and Candidate-Specific Rescaling

We separate two changes in the selection margin while keeping the byte answer
rule fixed. The question-wide factor Q scales all candidates in one question equally; the
candidate-specific factor C changes their relative scales. The four settings apply neither
factor, Q alone, C alone, or both (QC).

Let rjj = bjj/kij, T; its geometric mean within question, and G the geometric mean of 7;
in the fixed source cohort, separately by task. Put g; = 7;/G and d;; = r;/7;. Then

k
% (5)

b
%1~ Gy

The four margins are base s*/G, Q s*/(Gg;), C sk/(Gdl-]-), and QC s, while the readout
stays the byte mean. The Q and C contrasts each subtract base, giving simple effects
with the other factor absent. Each contrast therefore refers to a fixed setting of the other
factor. A positive divisor shared by all candidates in a question preserves their ranking
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but can change the ranking of margins across questions. Candidate-specific divisors can
change both rankings. The resulting revision-risk contrasts must be measured empirically.
The rescaling alone cannot identify a mechanism of recurrent state evolution.

2.4. Testing Normalization Invariance at a Fixed Depth

We now ask whether changing normalization can change the winning answer at one
observed depth. Equal divisors within a question guarantee answer agreement across
sum and length mean. Agreement can also be checked directly from the winners at both
normalization endpoints of a continuous family. These endpoints are the two scoring rules
commonly reported by an evaluation harness. For a length unit with len; > 0 and negative
log likelihoods ¢; > 0, write

sj(a) = —¢; len;“, a € 0,1], (6)
so that « = 0 is the sum rule and & = 1 the length mean.

Proposition 1 (Two-point test). Suppose a question has a strict maximizer of s;(«) at & = 0 and
at & = 1. Then one candidate is the strict maximizer for every a € [0,1] if and only if the two
endpoint maximizers coincide.

Proof. Because the scores are negative, maximizing them is equivalent to minimizing
log {; — aloglen;. Differences between these expressions for any two candidates are affine
in . A strict inequality that holds at both endpoints therefore holds throughout the interval.
Applying this to each competitor proves sufficiency; necessity follows by evaluating the
interval’s common strict maximizer at its endpoints. [

Corollary 1 (Several length units). Lef sj(a) = —/; I, len].;"‘“ for d length units at once.
Differences between the candidate expressions log {; — ), ay logleny, are affine in a, so a com-
mon strict maximizer at the 29 vertices of a hyperrectangle TT,, [ayo, ®,1] is the strict maximizer
throughout it.

The test uses each question’s strict endpoint winners. A harness reporting both acc
and acc_norm has already taken the argmaxes at « = 0 and « = 1. Retaining their identities
and checking strictness allows certification without another forward pass. Proposition 1
gives an exact test within this family; Corollary 1 extends it to d units using 2 vertices.
An archive containing correctness labels alone identifies the winner when both labels
are correct, but leaves its identity unknown when both are incorrect. The test applies a
standard property of affine functions. The maximizing candidate is piecewise constant in
the parameter and changes only at pairwise intersections; agreement of the strict endpoint
winners therefore certifies the interval [30]. Here the endpoints coincide with scoring rules
already used in evaluation. Section 3.6 applies the test to stored winners from these cohorts
and public archives.

The certificate is specific to a length unit. Token and character means are different
vertices of the rectangle in Corollary 1, so a question certified for the token family can still
change its winner between them. Section 3.6 reports each unit separately.

The test uses scores as well as lengths. Oostermeijer gives a rule of thumb that near-
equal candidate lengths limit length bias [2]. Exactly equal lengths guarantee winner
agreement; near equality remains a heuristic. Proposition 1 gives a necessary and sufficient
condition once the scores are in hand. Section 3.6 compares its coverage with the exact
equal-length condition and reports near-equal lengths separately as a descriptive screen.
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The family is multiplicative. Additive corrections such as pointwise mutual infor-
mation lie outside it [3]. The test certifies the answer at one observed step. It gives no
guarantee against revision at a later depth or against a change in which questions the
margin releases.

2.5. The Models” Own Exit Signals as Margins

We also used each model’s own exit signal at the anchor to select questions. These
signals differ from the candidate scores used in the matched setting. The byte mean
remained the readout, keeping the revision labels fixed. Huginn’s stored trajectories carry
its shipped exit criteria at every step, computed on the prompt at its last position with
the official evaluators and initialisation. These are the divergence between successive
next-token distributions, its min-p variant, the change in entropy, the relative change in the
latent state, its cosine distance, and the number of steps over which the next-token argmax
has been unchanged. Ouro’s learned exit gate was not stored. The frozen model was
therefore re-run on each question’s prompt alone for its four steps, under the frozen dtype,
attention kernel, determinism settings and pinned libraries. The gate’s instantaneous and
cumulative exit probabilities were recorded at every prompt position, together with the
relative hidden-state displacement at the last one. Before any gate was kept, one stored
candidate row per task and cohort was replayed bit for bit. The gate at the prompt positions
of that candidate sequence was required to equal the gate of the prompt alone. Each
signal releases the 50% of questions it marks as most converged, with the same quota,
tie handling and bootstrap draw as the other legs. The divergence criterion for Huginn
and the cumulative gate for Ouro were registered as primary before computation. We
registered two criteria. The first required the releases selected by these signals to carry more
byte-mean revision risk than the matched byte setting in at least two cohorts. The second
required their risk to be at least as high as in the crossed setting using the token margin.
Prompt-only signals decide release before any candidate is scored, which is the order an
adaptive-depth pipeline follows.

2.6. Uncertainty, Provenance and Analysis Status

The original Ouro primary estimand was the equal mean of three tasks and two
byte/token return directions at 50% coverage. It is distinct from the later three-task margin
leg. Original intervals use 2000 paired whole-question bootstrap replicates within task.
The same draw is shared across views and outcomes, quota rankings are recomputed,
and task/direction means are formed before percentile bounds. These intervals assume
exchangeable questions within each filtered task sample; they are not population guarantees
for arbitrary benchmarks.

Table 3 distinguishes criteria fixed before new collection, criteria fixed on already
available data before a particular calculation, and post hoc descriptions. Local hashes
record protocol files and collection markers; they are neither external preregistration nor
independent proof of chronology. The new-question protocol preceded collection, but its
implementation followed collection. Supplementary Section S1 records an amendment to
one control. Related historical results were already known.
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Table 3. Analysis status and original decision rules. Before computation refers only to the named
analysis, not to first access to the data. P: criterion fixed before new output collection; A: fixed before
this calculation on available data; H: post hoc or descriptive, with no original pass/fail rule. A later
multiplicity assessment does not change these statuses. CI: confidence interval.

Analysis Timing  Criterion or Purpose Outcome
N . Two-direction mean CI above zero; positive task means
Historical Ouro primary P in >2/3 tasks Passed
New Ouro C effect P CI below zero; negative effects in >2/3 tasks Passed
New Ouro Q effect p Expected near zero; no equivalence margin Equivalence
unresolved
Byte/§um labels; separate legs; H Agreement and separate substitutions Descriptive
historical factors
: S
Convention pairs A Both crossgd risks above both matched in >8/9 Passed (9/9)
cohort—pair cells
Far-minus-diagonal CI above zero; distance correlation
Exponent grid A >0.8 and positive far-minus-middle estimate; All 3 passed
minimiser within 0.2 in >9/11 rows
All tied grid minima Common minimiser across readouts None found
Native exit sienals (1) Excess over matched in >2 cohorts; (1) Passed;
& (2) risk at least token-crossed (2) failed
. . (1) Both legs resolved, matched below crossed; .
Huginn at Ouro window (2) relabelled-set overlap CI above chance Both failed
Exit-signal ranking A Reversal; both contrast Cls exclude zero Failed
Release scan; accuracy; first
crossing; archive and certificate H Operating-point sensitivity, utility and coverage Descriptive
checks
Revision sensitivity; H Scope fixed after original results; no new Descriptive

multiplicity

confirmatory claim

For the revision, we use 20,000 paired resamples and keep the original 2000-draw
results unchanged. The additional analyses cover 13 Huginn windows and all six an-
chor /horizon pairs among Ouro passes 1-4. For each window, the any-time and final-depth
outcomes use the same anchor margins and release weights. Historical models share re-
sampled question indices where their questions align. Supplementary Section 516 provides
the full windows, task-level estimates and transient-revision counts.

We also introduce two explicit multiplicity families in this revision. Family P groups
three quantities designated primary or co-primary in their original protocols: the historical
Ouro two-direction mean and the new Ouro C and Q effects. These came from separate
protocols; their grouping here is new. Family H contains the six post hoc headline mar-
gin/readout legs across three cohorts. For a family of size m, Bonferroni percentile intervals
use bootstrap quantiles 0.05/(2m) and 1 — 0.05/(2m). Their family coverage remains
approximate because the underlying bootstrap intervals are approximate. Bonferroni does
not require independence, but does not turn reused questions into replications or post hoc
choices into prespecified tests. Other intervals remain pointwise. The sensitivity exports
contain 500 aggregate and 1500 task-level intervals across outcomes, windows, risks and
contrasts; they are descriptions, not separate confirmatory findings.

The scalar replay is a separately written arithmetic implementation using the same
stored scores and metadata. It did not import the original analysis implementation. It is
not independent data, independent authorship or external validation. It reproduced eleven
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main effect/accuracy point estimates and three revision-label count tables. A separate
numerical port of the original bootstrap algorithm reproduced the original risks, contrasts
and intervals, including Table 4. Artificial intelligence (AI) coding assistance was used in
the checks; the consolidated disclosure appears in the Acknowledgments. No new model
inference was needed for the revision analyses.

Table 4. Revision risk at 50% release. Matched settings use one convention for both rules; the
crossed setting uses the token margin with the byte readout. The separate legs are post hoc (Table 3).
Contrasts satisfy Equation (3). Pointwise 95% paired percentile bootstrap intervals use 2000 shared
draws and are unadjusted; family-wise intervals for the legs are in Supplementary Table S25. Each
cohort has 600 questions with equal task weights.

(a) Revision risk among released questions (%)

Cohort Matched, byte Matched, token Crossed
Huginn, earlier questions 2.33 2.00 11.67
Ouro, earlier questions 13.33 10.33 23.33
Ouro, new questions 13.67 13.00 25.67

(b) Risk difference in percentage points (pp) with 95% intervals

Cohort Complete procedure =~ Margin leg Readout leg

Huginn, earlier questions  0.33 [—2.00,2.67]  9.33 [5.33,12.33] 9.67 [5.33,13.00]
Ouro, earlier questions 3.00 [—2.33,7.00]  10.00 [5.33,14.67] 13.00 [7.32,17.67]
Ouro, new questions 0.67 [~4.33,6.67]  12.00 [6.33,15.33] 12.67 [6.33,17.34]

3. Results
3.1. Paired Revision Labels Reveal Readout Dependence

We first compare revision labels on all questions, without selecting a release set. Byte-
mean and sum readouts of the same trajectories identified substantially different sets
of revising questions (Figure 1a). For Huginn historical, Ouro historical and Ouro new
questions, respectively, the byte-mean revision counts were 85, 177 and 170 of 600; the
sum counts were 115, 184 and 178. The corresponding intersections contained only 26, 77
and 75 questions. The two readouts therefore assigned different binary revision labels to
148, 207 and 198 questions. Similar marginal counts can therefore describe different sets of
revising questions.

Positive specific agreement ranged from 0.260-0.431, whereas negative specific agree-
ment ranged from 0.753-0.852. Cohen’s k¥ was 0.116-0.199; its cohort intervals were
[0.026,0.204], [0.092,0.257] and [0.114, 0.283]. The count tables report the marginal preva-
lences for each summary. Both readouts were applied deterministically to the same outputs.
Their agreement measures consistency between scoring rules; neither provides a validated
reference for internal stability. A fixed length divisor preserves temporally constant scores.
On evolving trajectories, it can change which candidate crosses a decision boundary.

3.2. Similar Matched Risks Concealed Larger Changes in Each Rule

We next cross byte and token scoring rules to separate question selection from the revi-
sion target. The complete procedures compared here take both rules from one convention.
At 50% release the two matched settings carried similar risk: 2.33, 13.33 and 13.67% under
byte mean, against 2.00, 10.33 and 13.00% under token mean. Using the token margin with
the byte readout raised risk to 11.67, 23.33 and 25.67% (Table 4; Figure 1b).
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a Revision labels: byte mean vs sum

Ouro historical
2 - 4 passes

Ouro new questions
2 - 4 passes

Huginn historical
16 —» 128 steps

SNo| 426 89 No| 316 107 No| 327 103

>

e

[0]

;">J~Yes 59 26 Yes| 100 77 Yes| 95 75
No Yes No Yes No Yes

Sum revision

k=0.199; positive=0.431
negative=0.768; n=600

Sum revision

k=0.180; positive=0.427
negative=0.753; n=600

Sum revision

k=0.116; positive=0.260
negative=0.852; n=600

b Crossed risks: byte mean vs token mean
Point labels give readout / selection margin; 50% release

Huginn historical

Token / token '_._c'hange readout

Byte / token —————

_ change margin

Byte / byte | F—i—

Ouro historical

—_——

Token / token change readout

4

Byte / token ~change margin

<

Byte / byte =

Ouro new questions

——
Token / token change readout
Byte / token ~ change margin ¢
Byte / byte =
0 5 10 15 20 25 30

~Revision risk amon? released questions (%)

Intervals: pointwise 95% paired bootstrap (2000 resamples).
Figure 1. Paired revision labels and separate changes in margin and readout. (a) Complete revision-
label counts for byte mean versus sum; rows indicate byte revision and columns sum revision. Each
cohort has 600 questions. The off-diagonal cells identify different labels; positive and negative
specific agreement accompany «. (b) The three risks in Table 4(a): circles show token/token, squares
byte/byte and diamonds byte/token, with the readout named first. Separate rows identify the
settings. Comparing complete procedures gives the difference between the two matched points.
Each arrow connects one matched point to the crossed setting and represents a change in one rule
with the other fixed. Points are means over three equally weighted tasks with 95% paired percentile
bootstrap intervals (2000 replicates); arrow endpoints give the corresponding risk estimates. Huginn
observes steps 16-128 and Ouro passes 2—4. The convention pair in (a) is byte mean against sum,
and in (b) byte mean against token mean.

A worked evaluation example.

On the new Ouro questions, the two matched procedures differed by only 0.67 pp.
An evaluator who compared only these procedures might conclude that the token and byte
margins are interchangeable. The crossed setting tests that conclusion directly: with the
byte readout fixed, selecting by the token margin raised risk by 12.00 pp at the same release
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quota. The matched comparison itself is valid; the unsupported step is reading its small
difference as evidence about the margins under a fixed answer rule. The example concerns
measured revision risk and shows neither an accuracy loss nor a changed budget decision.

Equation (3) splits the complete-procedure comparison at fixed release into a margin
leg, which swaps the margin at a fixed byte-mean readout, and a readout leg, which
swaps the readout at a fixed token-mean margin. The margin leg ranged over 9.33 to 12.00
percentage points (pp) and the readout leg over 9.67 to 13.00 pp. Both legs had intervals
excluding zero in all 3 cohorts. Their difference, the contrast between complete procedures,
ranged over 0.33 to 3.00 pp. Its interval included zero in every cohort; these intervals do
not establish equivalence between complete procedures. The arithmetic consistency checks
are retained in Supplementary Section 516.4.

Equation (3) does not require two large opposing changes: if both readouts assigned
identical revision labels to the questions selected by the token margin, the readout leg
would be zero.

Averaging both readout directions over six cells, as the original Ouro protocol’s
primary estimand did, gives 10.00 pp ([7.16,12.50]) for Huginn and 11.00 pp ([7.50,13.67])
on the same historical data. The second crossed setting contributes a contrast of the same
sign; this average is a distinct estimand computed from the same outputs.

Table 5 exposes the task-level fixed-byte-readout effects behind the averages. Each
task has 200 questions per cohort, and the historical models use the same questions. These
rows describe heterogeneity; they are not nine independent replications. The revision’s
Bonferroni assessment keeps all six headline margin/readout legs above zero for family H
(m = 6), with adjusted lower bounds ranging from 3.67 to 5.67 pp. For family P (m = 3),
the historical Ouro primary is 11.00 pp [7.00,14.50], the new Ouro C effect is —11.33 pp
[—15.67, —4.67], and Q is —1.67 pp [—3.33,2.33]. These approximate adjusted intervals do
not establish Q equivalence or change the post hoc status of the separate legs.

Table 5. Task-level margin leg at 50% release with the byte readout fixed (any-time revision, pp).
Brackets give pointwise 95% intervals from the revision’s 20,000 draws. Historical questions are
shared between models. Full four-cell risks and endpoint results are supplied with Supplementary
Section 516.

Task Huginn Historical Ouro Historical Ouro New Questions

ARC-Challenge 6.00 [0.00, 11.00] 10.00 [3.00, 17.00] 7.00 [—2.00, 13.00]
CommonsenseQA  19.00 [11.00, 26.00]  13.00 [4.00, 22.00] 11.00 [4.00, 20.00]
OpenBookQA 3.00 [—1.00, 9.00] 7.00 [-2.00, 16.00]  18.00 [7.00, 24.00]

Within each length unit, the sum and mean rules were endpoints of a broader pattern.
These grids examine a different parameter space from the byte/token comparison: each
holds the length unit fixed and moves from sum to mean. On the exponent grid of
Equation (6), with the readout fixed at exponent &, the lowest risks occurred near the
matching margin exponent (Figure 2). Cells at least 0.5 apart carried 8.25-11.54 pp more
risk than the diagonal in all 6 grids across cohorts and units, with every interval excluding
zero and a smallest lower bound of 6.39 pp. The mean risk at each distance increased with
distance in every grid (Spearman 0.973-1.000). The empirical minimiser on the tested grid
moved with the readout: the chosen exponent lay within 0.2 of the readout exponent in at
least 10 of 11 rows of every grid and took 6 to 8 distinct values. A separate check retaining
all tied minima found an empty intersection across readouts in every grid. Thus no tested
margin exponent attained the empirical minimum for every readout, even allowing ties.
The diagonal cell exceeded its row minimum by at most 3.00 pp. All three registered
criteria passed.
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Figure 2. Revision risk on the exponent grid. Each panel shows r(a, ) at 50% release for one
cohort and one length unit: rows give the readout exponent & and columns the margin exponent
B of Equation (6), and colour gives the revision risk among released questions, averaged over the
three tasks. White points mark the smallest margin exponent within 10~ percentage points of the
minimum unrounded risk in each row; the dashed line is the matched diagonal. The token-grid
corners cross sum and token mean; the byte-grid corners cross sum and byte mean. Cloze byte and
character lengths coincide in these cohorts, so the latter correspond to the sum/character pair in
Table 6. The byte/token crossed cells of Table 4 are outside both grids. The corner results were known
before the interior-grid criteria were fixed. Minima refer only to the tested grid points. (a-c) token
unit; (d—f) byte unit.

Table 6. Revision risks (%) for each convention pair (v, w) at 50% release. Matched settings use the
same rule for margin and readout; crossed settings mix them. The last column is the smallest crossed
risk minus the largest matched risk. The criterion was fixed before this calculation on existing data
(A in Table 3). Cohorts and task averaging are as in Table 4; intervals are pointwise and unadjusted.

Cohort Pair (v, w) r(v,v) r(w, w) r(v, w) r(w,v) Crossed — Matched
Huginn, earlier byte/token 2.33 2.00 11.67 12.67 9.33 [5.00,11.33]
sum/character 1.33 2.33 18.67 12.67 10.33 [6.33,14.00]
sum/token 1.33 2.00 20.00 11.67 9.67 [6.00,13.33]
Ouro, earlier byte/token 13.33 10.33 23.33 22.33 9.00 [3.33,11.67]
sum/character 11.00 13.33 30.67 22.33 9.00 [3.32,13.67]
sum/token 11.00 10.33 31.00 20.33 9.33 [3.00, 13.67]
Ouro, new byte/token 13.67 13.00 25.67 19.67 6.00 [0.67,9.67]
sum/character 11.67 13.67 26.00 20.83 7.17 [1.67,11.33]
sum/token 11.67 13.00 26.67 19.17 6.17 [1.33,10.33]

Two limits are visible in the figure. The diagonal itself was not flat, and beyond a
distance of 0.8 the rise levelled off in the Ouro cohorts; the difference between the farthest
and the middle distance included zero in 1 of the 6 grids (Supplementary Section 513).

3.3. Higher Risk in Crossed Settings Extended to Other Conventions and Exit Signals

The ordering also held for the other convention pairs available in the data. The
frozen scores allow three distinct pairs: byte/token, sum/character and sum/token. Both
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matched settings sat below both crossed settings in 9 of 9 combinations of cohort and pair
(Table 6). The smallest crossed risk exceeded the largest matched risk by 6.00-10.33 pp,
every interval excluded zero, and the ordering held in at least 98.5% of bootstrap replicates
in every cell. Cloze character and byte divisors coincide for the scored continuations in
these three cohorts, including their leading spaces, so the two remaining pairs duplicate
these comparisons. H1 character lengths use a different text boundary (Table 2).

The crossed setting is also measurable with the signals adaptive-depth models use
to stop. Each model’s own exit signal released the 50% of questions it marked as most
converged at the anchor, with revision still defined by the byte mean. That release carried
10.00 pp ([5.67,13.67]) more risk than the matched byte setting for Huginn's step-to-step
divergence, and 9.33 ([4.33,14.67]) and 7.00 ([2.00,12.00]) more for Ouro’s learned gate
(Table 7). All 14 contrasts across signals and cohorts were positive with intervals excluding
zero. The questions selected by the exit signal had higher risk than the matched set in
at least 99.5% of replicates. The models’ own signals therefore reproduced the excess
risk over the matched setting. Their risk did not consistently reach or exceed that of the
crossed setting using the token margin, so the second of the two criteria registered for
this comparison failed. The differences were 0.67 pp ([—3.33,5.00]), —0.67 ([—5.67,4.67])
and —5.00 ([—9.00, 1.33]). Ouro’s hidden-state displacement, the alternative heuristic its
report tests, was the worst selector, 18.67 pp above the matched setting. Huginn’s default
thresholds released at most 2 questions per task at the anchor, so only quota release
is comparable.

Table 7. The models’ exit signals at 50% release with the byte readout fixed. Each signal selects the
questions it marks as most converged at the anchor. Columns give revision risk, excess over matched
byte, and difference from token crossed. Criteria were fixed before this comparison on existing data
(A in Table 3). Cohorts, task averaging and bootstrap draws are as in Table 4; intervals are pointwise
and unadjusted. KL: Kullback-Leibler divergence.

Cohort Exit Signal Risk (%) Minus Matched (pp) Minus Token Crossed (pp)
Huginn, earlier KL between steps 12.33  10.00 [5.67,13.67] 0.67 [—3.33,5.00]
latent change 10.00 7.67 [4.67,11.67] —1.67 [—4.62,3.00]
min-p KL 12.00 9.67 [5.99,13.67] 0.33 [—3.22,5.00]
latent cosine distance 13.66 11.32 [8.50, 14.30] 1.99 [—0.68, 5.68]
argmax stability 13.77 11.44 [7.60,15.21] 2.11 [—1.45,6.75]
entropy change 15.33  13.00 [9.00,17.00] 3.67 [0.00, 8.33]
Ouro, earlier gate, cumulative 2267  9.33[4.33,14.67] —0.67 [—5.67,4.67]
gate, prompt mean 21.67  8.33[2.67,13.33] —1.67 [-7.00,3.33]
gate, instantaneous 22,67  9.33[4.33,14.60] —0.67 [—5.67,4.75]
hidden-state displacement ~ 32.00 18.67 [13.67,23.33] 8.67 [3.33,14.00]
Ouro, new gate, cumulative 20.67  7.00 [2.00,12.00] —5.00 [—9.00,1.33]
gate, instantaneous 21.33 7.67 [2.00,12.44] —4.33 [—8.81,1.56]
gate, prompt mean 22.00  8.333.00,13.33] —3.67 [—8.33,2.34]
hidden-state displacement 32.33 18.67 [13.00, 23.00] 6.67 [1.67,12.34]

The additional exit-signal ranking check found no reversal with both contrast intervals
excluding zero. It therefore provides no evidence that changing the readout changes the
preferred exit signal; the counts and criterion are retained in Supplementary Section S16.

3.4. Rescaling Individual Candidates Gave the Larger Estimated Risk Reduction

With the byte answer rule fixed, we compare question-wide scaling (Q), candidate-
specific scaling (C), and their combination (QC), as defined in Section 2.3. On the new Ouro
cohort, the mean revision risks for base, Q, C and QC were 25.67%, 24.00%, 14.33% and
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13.67%. Relative to base, Q changed risk by —1.67 pp ([—3.00,1.67]) and C by —11.33 pp
([—14.67, —5.67]). The total QC contrast was —12.00 pp ([—15.33, —6.33]); the interaction
QC—C—Q+base was 1.00 pp ([—3.00,2.67]). The candidate-specific operation therefore
gave the larger reduction in point estimate in this cohort; the four cells are shown across
release fractions in Figure 3a. The total equals the negative of the same cohort’s margin leg
by construction and is not independent evidence.

a Four scoring cells, Ouro new questions

Point estimates; no confidence bands

W
o
1

=
o
1

—e— Base (token mean) C: candidate-specific only
Q: question-common only —#—= QC (byte mean)

Revision risk among
released (%)
N
o
1

0.0 0.2 0.4 0.6 0.8 1.0
Released fraction

b Margin leg, all three cohorts

= Point estimates; no confidence bands
Q
° 20 ~ —e— Huginn historical
e —&— Ouro historical
g —&— QOuro new questions
4]
+ 10
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Y
il
€ 0
T T T T 1
0.0 0.2 0.4 0.6 0.8 1.0

Released fraction

Figure 3. Scoring-rule effects across the release fraction, swept over 19 points spanning 0.05-0.95.
(a) Revision risk among released questions for the four scoring cells of Section 3.4 on the new Ouro
cohort, with the readout held at the byte mean. (b) The risk difference from changing the margin for
each cohort. Both panels average the three tasks equally. At 50% release, panel (a) reproduces the
four cell risks reported in Section 3.4 and panel (b) the margin legs of Figure 1b. Curves are point
estimates without intervals, and the sweep reuses the same questions at every release fraction, so
neighbouring points are strongly dependent. The scan is descriptive: it calibrates no policy and adds
no replication.

The Q interval is compatible with both zero and nonzero effects, leaving equivalence
unestablished. Candidate-specific rescaling can change both the candidate leader and
numerical gaps, including the ranking of questions. The C contrast therefore locates an
arithmetic operation associated with the measured change without identifying leader
changes as the unique cause. Earlier factor analyses on historical Huginn and Ouro
outputs remain exploratory support; the locally prospective new-question factor study
used Ouro only.

3.5. Release Fraction, Observation Window and Task Accuracy Limit the Interpretation

The 50% release point is a convention, so the margin leg was recomputed at 19 release
fractions spanning 0.05-0.95 (Figure 3b). It stayed positive at every one of them in all
three cohorts, ranging over 2.28 to 9.44 pp for Huginn historical, 1.32 to 20.00 pp for Ouro
historical and 1.23 to 13.33 pp for the new Ouro cohort. The sign was consistent across the
tested operating points, while the magnitude varied. All three curves shrink toward zero
as the released fraction approaches the whole cohort, which they must, since at full release
the two margins select the same set. Away from that limit the magnitude is not monotone:
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both Ouro cohorts are largest at the smallest release fractions, whereas the Huginn curve
peaks near the middle of the range. No single operating point is representative. The scan
reuses the same questions at every point, so the curves are not independent observations,
and no calibrated threshold for individual questions was established.

The revision outcome also matters. On all 600 Huginn questions, 36 of 85 byte-mean
revisions returned to the anchor answer by the horizon: 42.4% of revisions, or 6.0% of
questions. The corresponding byte-mean return fractions among revisions were 6.8% and
7.6% in historical and new Ouro. Under token mean they were 42.4%, 9.3% and 10.1%.
These whole-cohort counts are distinct from risk among releases. At the headline windows,
replacing any-time revision by final-depth disagreement left fixed-byte-readout margin
effects of 4.67 pp [2.00,7.67], 9.33 pp [4.67,14.00] and 10.33 pp [5.00,14.00]. Thus the
effect persists, but Huginn’s magnitude roughly halves. Both crossed risks still exceeded
both matched risks in point estimate; the new Ouro gap interval included zero (4.33 pp
[—0.33,8.00]). Supplementary Section S16 gives all four risks under both outcomes.

Across the 13 Huginn windows, the any-time margin leg ranged from 2.33 to 16.00 pp.
It ranged from 3.67 to 10.00 pp across the six historical Ouro windows and from 7.33 to
12.00 pp across the six new Ouro windows. A roughly 10 pp effect is therefore specific to
the headline setting. At Huginn steps 64-128, the final-depth margin leg was only 0.33 pp
[0.00,1.00]. The earlier Huginn-at-Ouro-window check also retains its original verdict: both
criteria failed, one because the readout-leg interval touched zero, the other because the
overlap interval included chance. Further window checks do not reverse those failures.
Equal step indices do not make the models” computation costs equal.

The lower revision risk did not establish an improvement in task accuracy. For the six-
cell means, hybrid accuracy in crossed settings minus that in matched settings was 0.08 pp
([—0.58,0.83]) for Huginn and —1.00 pp ([—2.25,0.33]) for Ouro; both intervals contain zero.
These intervals use whole-cohort accuracy, whereas revision risk conditions on release.
Early revisions can include both corrections and degradations, which is consistent with the
absence of an established accuracy gain.

The historical first-crossing replay changed none of the six program-task budget clas-
sifications after thresholds were refitted. Its details remain in Supplementary Section S14,
with a summary in Supplementary Section 516.4. Together with the accuracy and exit-
ranking results, this limits the demonstrated practical consequence to the selection and
interpretation of revision risk. We have not established an improved stopping decision or a
computation saving. Equal release fractions alone do not account for the cost of scoring
candidate answers.

3.6. The Two-Point Test Bounds the Dependence Within a Named Length Unit

The two-point test of Section 2.4 identifies questions whose answer is invariant within
a specified normalization family. Applied to the token unit on 1800 cases across the three
model cohorts, it certified 910 of them as invariant over every exponent between the sum
and the token mean, or 49.2-53.3% per cohort. Direct checks found 0 counterexamples: a
201-point grid in « for the one-unit statement, and the four vertices plus a 21 x 21 interior
grid of the token/character rectangle for Corollary 1.

The length unit is essential. Of the 910 token-certified cases, 267 still changed winner
between token and character means. Exactly equal token counts guarantee invariance
for only 310 cases; the two-point test uses the actual scores and covers more. This is a
fixed-depth arithmetic guarantee, not a guarantee of stable future answers or an unchanged
released set. The full unit comparisons and archived-evaluation coverage are retained in
Supplementary Sections S13, 515 and 516.
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The certificate tests whether a named normalization family can change the winner.
Ranking the remaining questions or choosing when to stop would require additional
predictive value. Four exploratory tests of those uses were negative and are reported in
Supplementary Section 513 and Supplementary Data S1.

4. Discussion

The main finding is the size of the dependence between question selection and answer
definition. At 50% release, the byte and token complete procedures differed by only 0.33 to
3.00 pp. Holding one rule fixed exposed changes of roughly 10 pp. These larger changes
reveal dependence that the complete-procedure comparison conceals. Such a comparison
correctly describes the two procedures, but it cannot establish that their selectors are inter-
changeable. This extends established findings on length bias and prediction churn [1,2,9]
to selected revision events along recurrent trajectories.

The outcome definition changes the size of the effect. Many Huginn revisions were
transient, and final-depth disagreement reduced its fixed-readout margin effect from 9.33
to 4.67 pp. The corresponding Ouro effects remained above 9 pp. Later Huginn anchors
gave much smaller differences. These results make the window and the revision event
part of the quantity being measured, not incidental evaluation settings. The sum-to-mean
grids provide a separate view: low-risk margins generally followed the readout within
each length unit. Their minima are empirical minima among tested points, not validated
optimal exponents or stopping rules.

For benchmark designers, the practical rule is to fix the answer rule and the revision
event before comparing selectors. Use the corresponding matched margin as a reference,
then evaluate alternative margins against that same target. If more than one answer rule
is plausible, report the crossed risk table as well as the matched comparison. This reveals
whether a selector’s apparent advantage depends on how an answer is defined. Matching
is a useful reference, not a guarantee of the best selector. Report the release fraction, anchor,
horizon and paired question-level outcomes so that others can reproduce the comparison.

The interaction affects both the reported risk and which questions a margin selects for
early release. Lower revision risk did not establish a hybrid accuracy gain, the historical
budget classifications were unchanged, and the exit-signal ranking check found no reversal
supported by intervals excluding zero. Equal release fractions also do not imply equal
computation. Native exit signals use prompt states; candidate margins require scoring the
answer choices. A policy comparison would need task accuracy, the cost of obtaining each
signal, total computation or latency, and thresholds assessed on data independent of their
selection. Consistency and task performance remain distinct objectives [18,19,22].

The evidence has a limited scope: two models, three filtered benchmarks, cloze scoring,
and 200 questions per task and cohort. The historical models share questions, and repeated
analyses of stored outputs do not add independent replications. The new OpenBookQA
cohort uses validation rather than the historical test split. “New questions” means newly
collected for this study; their pretraining exposure is unknown. OLMES recommends
PMI scoring for these tasks, but the required unconditional likelihoods were unavailable.
The principal results therefore concern byte and token cloze scores, with sum-to-mean
grids as supporting analyses.

Transfer to dynamic latent computation is plausible when a system still scores the
same candidate answers at successive depths. In that setting, a selector and the answer
rule can be crossed in the same way, although the effect size must be measured again.
Free-form generation changes the problem. Decoding can alter both the generated strings
and their lengths, and revision may mean token disagreement, a changed final answer or a
semantic change. A fixed candidate set and its top-two margin may not exist. We therefore
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expect the need to specify selection and outcome separately to transfer more broadly than
the numerical effects reported here. We have not tested a generation or exact-match task,
and make no quantitative transfer claim.

The historical H1 harness comparison needs an additional qualification. Common-
senseQA uses unnormalized answer-letter likelihoods in H1, whereas ARC and Open-
BookQA use character-normalized answer-text likelihoods. At step 32 on Common-
senseQA, H1 achieved 20.3% accuracy on 256 source questions and 23.5% on 200 evaluation
questions. It selected B on 200/256 and 163/200 questions, respectively. This bias can
make an inaccurate answer look stable. The cause remains unresolved despite checks of
the template, option order, gold mapping and likelihood-to-answer mapping. H1 and the
cloze program also differed in prompting, batching and initialization, so their historical
comparison cannot isolate a readout effect. H1 outputs are absent from the principal
crossed cloze analysis. Supplementary Sections 54 and S8 retain the historical results with
these limitations.

The two-point certificate addresses a narrower question than future stability. Propo-
sition 1 checks the winner at one observed depth over a specified normalization interval
and length unit. It uses stored scores at the normalization endpoints and needs no ad-
ditional model forward pass. In contrast, Supplementary Theorem S1 concerns decoded
outputs over future iterations of a native dynamical system. Its regional contraction and
phase-image conditions were not closed by the available bounds. We therefore have an
exact arithmetic test for normalization invariance, but no native finality certificate for these
model trajectories. The archived-evaluation applications and unsuccessful predictive uses
of the arithmetic test remain in Supplementary Sections S13, S15 and S16.4 [31].

5. Conclusions

Similar revision risks from two complete procedures can conceal a substantial depen-
dence between selection and answer definition. In our headline comparisons, changing
either the margin or the readout moved risk by roughly 10 pp, while changing both moved
it by only 0.33 to 3.00 pp. The size of this dependence varied with the revision outcome
and observation window.

The evidence covers Huginn and Ouro, cloze scoring on three filtered benchmarks,
200 questions per task and cohort, and a headline release fraction of 50%. The historical
cohorts share questions. Within this scope, the results support a reusable evaluation
practice: compare selectors under a fixed answer rule, then cross the rules to show how
much the conclusion depends on the revision target. Transfer to other models or generation
tasks, and gains in accuracy or stopping utility, require separate evaluation.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/app16199857/s1. Supplementary Information: Sections
51-516, Figures S1-S8, Tables S1-528, Theorem S1 and Corollary S1, covering scoring methods,
supporting studies with their original evidence status, and revision outcome, window sensitivity
and multiplicity analyses. References cited in the Supplementary Information are included in the
main reference list [2,22-24,32-36]. Supplementary Data S1 (Supplementary_Data_S1.zip): stored
numerical trajectories, analysis code, source data, protocols and supporting results, including the
revision analyses and the replay_all.py entry point.
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