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Abstract

Exact match (EM) can make checkpoint selec-
tion ambiguous when a small labeled out of
distribution (OOD) validation set leaves sev-
eral checkpoints tied at zero or at the maxi-
mum. Without an explicit tie rule, the reported
metric does not identify which checkpoint pro-
duced the final test score. We study this val-
idation resolution problem in semantic pars-
ing and morphological reinflection. Our pro-
tocol reports the reference budget, token like-
lihood choice under teacher forcing, and latest
tied candidate, while using EM for a unique
nonzero maximum. Across 600 draws from 30
runs, 8 references leave every early checkpoint
at zero in 48% of draws and the maximum tied
in 57%. Within tied draws, mean full split
regret falls from 0.063 under random selec-
tion to 0.050 with token likelihood. The latest
tied candidate performs better on average for
mostly monotone trajectories, but token like-
lihood independently orders candidates that
hard EM cannot distinguish. These results sup-
port reporting both orderings when small la-
beled OOD validation sets guide checkpoint
selection.

1 Introduction

Suppose two checkpoints both fail all eight exam-
ples in a labeled out of distribution (OOD) valida-
tion set. Exact match (EM) assigns both check-
points a score of zero, even if they achieve dif-
ferent accuracies on the full held out generaliza-
tion split. A report that says selected by OOD
EM therefore does not identify whether the earlier
checkpoint, the later checkpoint, or another tied
candidate produced the reported final OOD score.
We call this inability of the validation metric to
rank candidate checkpoints a validation resolution
problem.

Checkpoint selection and final evaluation place
different demands on EM. For final evaluation,
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EM directly reflects whether a task output is en-
tirely correct. For checkpoint selection on a small
validation set, however, its binary scores for each
example form a coarse signal. A model can assign
increasing probability to correct output tokens be-
fore greedy decoding produces an entirely correct
sequence. We therefore compare decoded OOD
EM, which we call hard EM, with the mean log
likelihood of the gold OOD tokens under teacher
forcing, which we call token likelihood. Under
teacher forcing, each gold token is scored condi-
tional on the preceding gold tokens, allowing to-
ken likelihood to order checkpoints that hard EM
ties.

We use these two signals to audit how much res-
olution a labeled OOD validation set provides for
checkpoint selection. For a given labeled OOD
reference subset, whose size we call the reference
budget, the protocol first asks whether hard EM
identifies a unique checkpoint. When hard EM has
a unique nonzero maximum, the protocol selects
that checkpoint directly. When the maximum is
tied, including when every checkpoint scores zero,
it reports both the token likelihood tie break and
the latest checkpoint among the tied candidates.
Each report also states this budget and its sam-
pling scheme, the frequency and size of ties, and
the final OOD score separately from the validation
statistics. Because the protocol requires gold OOD
outputs, its scope is labeled OOD validation with
a small budget.

Explicit tie handling matters most when OOD
performance improves late in training. We call
this pattern a delayed OOD transition, in which in
distribution accuracy rises early while OOD EM
remains near zero until later checkpoints. Across
30 independently seeded training runs, we sample
20 labeled OOD reference subsets, or draws, per
run. With eight references, every checkpoint in
the first 30% of the evaluated trajectory has zero
hard EM in 48% of run/draw pairs, while the max-
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imum across all candidates is tied in 57%. Gen-
eralization exact match (GEN EM) is EM on the
full held out generalization split. Selection regret
is the gap between the best candidate’s and the se-
lected checkpoint’s GEN EM. Within tied draws,
tie breaking by token likelihood reduces mean re-
gret relative to random tie breaking. The latest tied
checkpoint nevertheless achieves lower regret on
average when GEN EM rises over training. At
larger reference budgets from 16 to 64, hard EM
more often identifies a unique maximum, reducing
the need for an auxiliary tie breaker.

To test the pattern across tasks and model fam-

ilies, we study semantic parsing on COGS (Kim
and Linzen, 2020), using standard and higher ca-
pacity model settings, and on the SLOG variable
free split (Li et al., 2023). English and Turkish
reinflection tasks from SIGMORPHON provide
contrasting morphology regimes (Cotterell et al.,
2017). We also evaluate pretrained T5-small (Raf-
fel et al., 2020) and BART-base (Lewis et al.,
2020) models on COGS. Together, these settings
reveal the prevalence of hard EM ties, the cases
in which token likelihood distinguishes tied check-
points, and the reference budgets at which hard
EM regains sufficient resolution.
Contributions. We make three contributions.
First, we quantify how often small labeled OOD
validation sets leave ties and how much an un-
reported tie breaker changes the selected result.
Second, we compare hard EM, token likelihood,
the latest tied checkpoint, and two decoded partial
credit metrics (token F1 and normalized edit sim-
ilarity) on the same OOD references, accounting
for repeated draws within runs and removing se-
lected references in a separate evaluation. Third,
we provide a validation resolution protocol that
uses hard EM for a unique nonzero maximum.

2 Related Work and Positioning

Compositional generalization is commonly stud-
ied with controlled benchmarks for sequences and
semantic parsing. The Simplified version of the
CommALlI Navigation tasks (SCAN) tests recom-
bination of navigation commands (Lake and Ba-
roni, 2018; Loula et al., 2018), and Compositional
Freebase Questions (CFQ) tests mappings from
questions to logical forms (Keysers et al., 2020).
COGS targets semantic interpretation (Kim and
Linzen, 2020). ReCOGS exposes sensitivity to
incidental logical form details (Wu et al., 2023).

SLOG adds structurally complex semantic parsing
cases (Liet al., 2023). Results across this literature
depend on split design, target representation, ar-
chitecture, and dataset artifacts (Oren et al., 2020;
Shaw et al., 2021; Csordas et al., 2021; Ontafion
et al., 2022; Hupkes et al., 2023). We use COGS
and SLOG as temporal testbeds for checkpoint se-
lection. SIGMORPHON reinflection supplies a
morphology contrast (Cotterell et al., 2017), and
its learning curves are more gradual in our experi-
ments.

Work on training dynamics shows what final
accuracy can obscure. Example forgetting and
dataset cartography characterize learning from ex-
ample histories (Toneva et al., 2019; Swayamdipta
et al., 2020). Grokking and double descent show
that generalization can change after training ac-
curacy saturates or vary in a nonmonotonic way
(Power et al., 2021; Liu et al., 2022; Belkin et al.,
2019; Nakkiran et al., 2021). Mechanistic studies
use internal progress measures to trace how abrupt
behaviors emerge (Olsson et al., 2022; Nanda
et al., 2023). These findings motivate our study of
when token likelihood on labeled OOD references
can rank checkpoints that hard OOD EM or in dis-
tribution development EM do not distinguish.

Checkpoint selection also occurs under dis-
tribution shift. Domain generalization evalua-
tions show that model selection choices can af-
fect conclusions (Gulrajani and Lopez-Paz, 2021).
WILDS provides standardized evaluations under
real distribution shifts and uses OOD validation
data for model selection (Koh et al., 2021). Work
on invariant risk and shortcut learning explains
why in distribution performance need not predict
OOD behavior (Arjovsky et al., 2019; Geirhos
et al., 2020). In our setting, checkpoints are scored
by hard EM and token likelihood on the same la-
beled OOD examples. When hard EM ties, the
stated selector does not identify a checkpoint. We
therefore report the tie break alongside the final
OOD score.

Linear probes were introduced as diagnostics
of intermediate representations (Alain and Bengio,
2017) and have since been used to test which lin-
guistic properties are recoverable from language
representations (Conneau et al., 2018; Hewitt and
Manning, 2019; Tenney et al., 2019). Represen-
tation similarity methods compare internal states
across models or training stages (Raghu et al.,
2017; Morcos et al., 2018; Kornblith et al., 2019).
Probe results require controls and careful interpre-
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tation (Hewitt and Liang, 2019; Belinkov, 2022).
Appendix B reports structural probes and nearest
neighbor alignment as auxiliary diagnostics. The
central checkpoint selection analysis uses OOD to-
ken likelihood and jointly reports hard EM resolu-
tion, the latest tied checkpoint, and tie breaking by
token likelihood.

3 Soft and Hard OOD Checkpoint
Signals

OOD token likelihood. Let 0; denote the param-
eters of checkpoint ¢t and D, the labeled OOD
reference pairs (x, y). Teacher forcing scores each
gold token y; given the input = and the gold prefix
Y<;. Writing |y| for the output length, we first aver-
age gold token log probabilities within each output
and then across the reference set as follows.

[yl
(x,y) = — > logpe, (vi | ©,y<i),
lyl =
) (D
Rtk — bz, y).
P D 2 )
(xay)EDood

This score requires gold OOD outputs and is there-
fore available only for labeled OOD validation. Fi-
nal performance remains measured by EM. Token
likelihood aggregates changes at individual posi-
tions, whereas EM changes only when an entire
decoded output becomes correct. A checkpoint
can therefore improve many gold token probabil-
ities before greedy decoding produces an exactly
correct output.

Selection definitions. Generalization exact
match (GEN EM) is greedy decoding EM on the
held out generalization split. Development EM
is the corresponding in distribution development
metric. A run is an independently seeded training
trajectory. Within a run, a draw is a labeled
OOD reference subset held fixed across candidate
checkpoints. Its reference budget is the number of
input and output pairs. Draws with tiny budgets
come from a fixed OOD reference pool with
2,100 examples. The analyses with all references
instead score the entire held out generalization
split. Selection regret, also called oracle regret, is
the gap between the full split GEN EM of the best
candidate checkpoint and that of the checkpoint
chosen by a selection rule. The early window is
the first 30% of evaluated checkpoints. An early
zero condition occurs when every checkpoint in
this window has zero hard OOD EM. A fied hard

EM maximum occurs when multiple candidate
checkpoints attain the same highest hard OOD
EM on a draw. We use hard EM plateau for the
candidate set that hard EM leaves unresolved
under either condition.

To compare token likelihood movement across
runs, write L; = R°% and normalize it within
each run as (Ly — Lgyst)/(maxg Ls — Lpst). If
this denominator is zero, we use minimum and
maximum scaling. A constant trajectory is set
to zero. A checkpoint distinguished only by to-
ken likelihood has zero hard OOD EM while nor-
malized token likelihood has reached at least 0.10.
We call a trajectory mostly monotone when GEN
EM on the full split generally improves toward
later checkpoints despite local reversals. All pri-
mary EM values use deterministic greedy decod-
ing. Section 5.1 reports decoded partial credit and
beam search controls.

Reporting protocol. Our empirical results moti-
vate the following protocol for labeled OOD val-
idation. Given a fixed set of candidate check-
points, evaluate every checkpoint on the same la-
beled OOD reference subset. If hard OOD EM
has a unique nonzero maximum, select that check-
point directly. If the maximum is shared, includ-
ing when all candidates score zero, report both the
latest checkpoint among the tied candidates and
the token likelihood tie break defined by Equa-
tion 1. This ordering makes the target metric deci-
sive when it resolves the candidates and makes the
tie breaking choice explicit when hard EM does
not. The resulting audit table accompanies each
final OOD score. For each regime, it reports the
reference budget and sampling scheme, the early
zero and tied maximum rates for hard EM, the
unique hard EM choice when one exists, and both
tie break choices otherwise. Together, these fields
make the selection decision traceable.

4 Experimental Regimes

We choose regimes to cover distinct learn-
ing patterns, tasks, and initialization conditions.
The baseline COGS regime uses the semantic pars-
ing benchmark introduced by Kim and Linzen
(2020). It is our primary setting with a delayed
transition, and in our runs its in distribution EM
becomes high while OOD EM remains low across
a long checkpoint interval. A COGS variant with
higher capacity tests whether this pattern depends
on model capacity. The SLOG benchmark sup-
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plies a second semantic parsing setting (Li et al.,
2023). We evaluate its variable free condition,
whose target programs contain no explicit vari-
ables. The English and Turkish tracks of the
CoNLL SIGMORPHON 2017 shared task pro-
vide gradual morphology settings (Cotterell et al.,
2017).

The main checkpoint selection audit contains 30
semantic parsing runs trained from scratch, com-
prising 10 COGS baseline runs, 10 COGS capacity
runs, and 10 SLOG variable free runs. Models in
all three regimes are randomly initialized encoder
and decoder Transformers (Vaswani et al., 2017),
trained for 60 epochs with batch size 32, and saved
every 1,000 steps. Representation diagnostics are
computed at every third saved checkpoint. The
COGS baseline and SLOG models have three lay-
ers each in the encoder and decoder, hidden size
256, four attention heads, and feed-forward size
512. The COGS capacity model increases the en-
coder and decoder to four layers, the number of
heads to eight, and the feed-forward size to 1,024,
while retaining hidden size 256. The SIGMOR-
PHON experiments use three seeds per language,
two layers each in the encoder and decoder, hid-
den size 128, four attention heads, feed forward
size 256, batch size 32, 100 training epochs, and a
100 step evaluation interval. Appendix Table D.2
gives the capacity configuration, and Appendix Ta-
ble C.1 summarizes the evidence and scope of
each regime.

Figure 1 and Table 1 report the central check-
point selection audit with 30 runs. Section 5.2
relates this audit to COGS pre-generalization dy-
namics. Sections 5.5 and 5.6 report the morphol-
ogy boundary and pretrained comparisons, respec-
tively. The appendix reports results for each set-
ting. Appendix B contains the secondary forecast-
ing analyses.

Pretrained comparisons. To test the protocol
beyond random initialization, we fine-tune T5-
small (Raffel et al., 2020) and BART-base (Lewis
et al., 2020) on COGS for three seeds each. Each
run contributes a trajectory of 12 checkpoints,
which we analyze with the same hard EM sparsity
and tie breaking summary used for the semantic
parsing audit with 30 runs. These comparisons
test whether the same sparsity and tie breaking
patterns persist when checkpoint trajectories be-
gin from pretrained parameters. We report Pythia
(Biderman et al., 2023) as an exploratory decoder

only comparison. Appendix Table D.1 records the
status and scope of all pretrained protocols.

Reproducibility materials. The public
repository at https://github.com/rgh112/
ood-checkpoint-selection-resolution

provides configurations, training and analysis
code, and the CSV and JSON artifacts used for
the reported results. Its scripts reproduce the
semantic parsing cohort with 30 runs and the
corresponding summaries. The runs with densely
saved checkpoints used for the COGS and SIG-
MORPHON analyses before generalization were
executed on one NVIDIA RTX A5000 GPU with
24 GB of video memory. Because hardware was
not controlled across all runs, the reproducibility
record focuses on model configurations, seeds,
checkpoint cadence, and executable scripts.

5 Results

We first quantify how often hard OOD EM fails
to distinguish checkpoints. Within those ties,
we compare token likelihood with alternative tie
breakers and then identify the settings in which
the reporting protocol applies. Figure 1 gives the
visual overview, and Table 1 reports the plateau
cases used to evaluate the tie breakers.

5.1 Token Likelihood Ranks Inside Hard EM
Plateaus

The central experiment compares selection by
hard OOD exact match and soft OOD token likeli-
hood on the same labeled OOD reference subsets.
Across the 600 combinations of runs and draws
with eight references, hard OOD EM is sparse.
The early window remains at zero in 48%, and
the maximum across checkpoints is tied in 57%.
Under either condition, hard EM leaves multiple
checkpoints unresolved and therefore requires a tie
breaker. Across the same combinations, an aver-
age of 6.7 checkpoints are distinguished only by
token likelihood because hard OOD EM remains
zero while normalized token likelihood has moved
by at least 10% of its range within a run.

Clustered uncertainty and reference leakage
checks. The 20 draws within each run are cor-
related, so we use a hierarchical bootstrap.

Table 1 reports intervals that resample runs and
draws within runs. For the central tied and early
zero cases with 8 references, the differences in
regret between soft and random selection remain
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Figure 1: Soft signals before hard OOD generalization. The left panel shows normalized OOD token log probability
(orange squares) rising while exact match GEN EM (blue circles) remains near zero in a representative COGS
baseline trajectory. The middle panel shows checkpoint selection regret with very small labeled OOD budgets,
where development EM is gray, hard OOD EM is blue, and soft OOD token likelihood is orange. The right panel
shows that hard exact match is frequently zero throughout the early window (brown) or tied (purple) at tiny budgets,
whereas checkpoints distinguished only by token likelihood remain visible as orange bars.

negative under this bootstrap ([—0.022, —0.005]
and [—0.029,—0.004], respectively). We also
check whether including the sampled references
in the evaluation pool favors token likelihood. Re-
moving them from the OOD reference pool eval-
uation slice with 2,100 examples leaves the corre-
sponding deltas nearly unchanged at —0.012 and
—0.015.

Decoded partial credit and beam controls. We
compare two decoded partial credit signals within
the same plateaus formed with 8 references. Token
F1 measures overlap between predicted and gold
whitespace token multisets with multiplicity. Nor-
malized token edit similarity applies Levenshtein
distance (Levenshtein, 1966) to tokens, divides it
by the longer sequence length, and subtracts the
result from one. Table 2 reports the greedy re-
sults and a beam search spot check with beam size
4. Across all 30 runs, both decoded signals have
slightly higher mean regret than random tie break-
ing, and both hierarchical intervals for the regret
difference relative to random include zero. In the
check across three COGS seeds, beam search with
size 4 changes the selected checkpoint relative to
greedy decoding in 26% of token F1 cases and
24% of edit similarity cases. The corresponding
intervals for the regret difference relative to ran-
dom also include zero. Among the partial credit
signals tested with 8 references, token likelihood
under teacher forcing is the only one whose hierar-
chical interval supports lower regret than random

tie breaking.

Comparison with the latest tied checkpoint.
The latest tied checkpoint is a strong baseline
because many trajectories are mostly monotone.
Averaged over tied draws with 8 references, it
has lower regret than token likelihood (0.037 vs.
0.050). Accordingly, the reporting protocol in-
cludes both latest and token likelihood. The two
tie breakers diverge in difficult cases. In 120/343
tied draws with 8 references, the latest check-
point has at least 0.05 GEN EM regret, and within
that subset token likelihood reduces average regret
from 0.088 to 0.061 and beats the latest check-
point in 47% of draws (Appendix Table A.3). Lat-
est is stronger on average, while token likelihood
supplies an independent dense ordering in the mi-
nority of hard EM plateaus where the latest check-
point remains suboptimal. The modest absolute
regret reductions quantify the practical role of the
audit by revealing when a reported OOD score de-
pends on an unresolved selection choice.

Across budgets, Table 1 shows the complete
phase pattern. With 8 references, token likelihood
gives a statistically stable improvement over ran-
dom hard EM tie breaking. With 16 to 64 ref-
erences, the advantage narrows as hard EM be-
comes less sparse. The latest tied checkpoint re-
mains the strongest average heuristic in the mostly
monotone trajectories studied here. Appendix Ta-
bles A.1 and A.2 provide the full budget grid and
a complete conditional audit. The larger refer-
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Table 1: Tie break regret when hard OOD EM lacks resolution. Soft is token likelihood under teacher forcing
restricted to the same hard EM plateau. Random averages uniformly over tied hard EM checkpoints. Latest picks
the latest tied checkpoint. n counts combinations of runs and draws on a plateau, with the number of distinct runs
in parentheses. A is Soft minus Random, so negative values favor token likelihood. Confidence intervals resample
runs and then reference draws within runs. LRO removes the selected tiny reference set from the 2,100 example
OOD reference pool evaluation slice. With 8 references, token likelihood improves over random tie breaking,
while latest is the stronger average heuristic in these mostly monotone trajectories.

Refs Plateau condition 7 (runs)  Soft Random A cluster CI LRO A CI Latest
8 tied hard EM max 343 (30) 0.050 0.063 —0.013 [-0.022,—-0.005] —0.012 [—-0.021,—0.004] 0.037
8 early zero 161 (29) 0.044 0.059 —0.015[-0.029,—0.004] —0.015 [—0.028,—0.003] 0.035
16  tied hard EM max 207 (30) 0.038 0.045 —0.007 [-0.016,+0.001] —0.007 [—0.015,40.001] 0.030
32  tied hard EM max 147 (29) 0.032 0.035 —0.002 [-0.010,+40.005] —0.002 [—0.010,40.006] 0.024
64  tied hard EM max 80 (27) 0.022 0.026 —0.005[—0.013,+0.004] —0.005 [—0.013,+0.004] 0.023

Table 2: Decoded partial credit tie breaks for the plateaus with 8 references and a tied maximum in Table 1. Token
F1 measures whitespace token overlap with multiplicity, and edit similarity is one minus token level Levenshtein
distance divided by the longer sequence length. The beam search uses size 4 and length penalty 1.0 in a spot check
on COGS seeds 1, 2, and 3. n counts combinations of runs and draws that meet the plateau condition. A is the tie
break regret minus random regret, so negative values favor the decoded signal. Confidence intervals come from a

hierarchical bootstrap that resamples runs and then draws within runs. Lower regret is better.

Scope Decode Tie break n Regret Random A (95% CI)
All 30 runs Greedy Token F1 343 0.066 0.063 +0.004 [—0.004, 0.011]
All 30 runs Greedy Edit similarity 343 0.066 0.063 40.003 [-0.004, 0.011]
COGS seeds 1 to 3 Beam 4 Token F1 38 0.044 0.039 +0.005 [—0.009, 0.020]
COGS seeds 1to 3 Beam 4 Edit similarity 38 0.043 0.039 +0.004 [—0.011,0.017]

ence scaling analysis from 1% to 100% is reported
in Appendix Table A.5. Together, these results
place token likelihood within the reporting proto-
col by supplying a dense ordering while hard exact
match remains uninformative, alongside recency
and hard EM selection as resolution increases.

Task specificity control. On three COGS base-
line seeds, we compare the gold OOD targets with
permuted and mismatched OOD targets at early,
middle, and final checkpoints. The mean gap be-
tween gold and permuted targets grows from 2.598
at step 7,000 to 3.251 at step 45,000. The gap
between gold and mismatched targets similarly
grows from 2.601 to 3.254. The widening gaps
show that Equation 1 becomes increasingly spe-
cific to the outputs structured for the correct task
over training. Because this control measures as-
sociation rather than a causal intervention, it does
not identify the underlying mechanism.

5.2 Relation to Dynamics before
Generalization

COGS exhibits a window before generalization in
which soft OOD likelihood changes before OOD
exact match. Across all seeds, exact match on the
in distribution development and test sets rises first,

leaving GEN EM low while token likelihood con-
tinues to move. The timing and future gain cor-
relations vary substantially across seeds, but the
validation consequence is consistent. Token likeli-
hood separates checkpoints that hard EM still ties.

5.3 What Does Token Likelihood Track?

To characterize what token likelihood tracks, we
separate structural and lexical generalization out-
comes. For the COGS style splits, structural GEN
EM covers three categories comprising CP recur-
sion (nested sentential complements), PP recur-
sion (nested prepositional phrases), and transfer
from object PP to subject PP. Lexical GEN EM
covers all remaining labeled generalization cases.
Across the 20 COGS runs (10 baseline and 10 ca-
pacity), the token likelihood slope in the early win-
dow aligns more strongly with lexical than struc-
tural GEN EM. In the capacity regime, it corre-
lates with maximum lexical GEN EM at Spearman
+0.879 and with maximum structural GEN EM at
—0.188. In the baseline regime, the corresponding
values are +0.273 and —0.091.

The temporal pattern is consistent with this
interpretation. In both the COGS baseline and
the COGS capacity perturbation, token likelihood
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first crosses a +0.10 delta from its initial value
a median of 7,000 training steps before lexical
GEN EM crosses 0.10. On the SLOG variable
free split, where some structural generalization oc-
curs, the same token likelihood feature also cor-
relates positively with maximum structural GEN
EM (40.359). These results show that token
likelihood tracks increasing compatibility with the
OOD outputs, while the form of generalization
associated with that movement depends on the
regime.

5.4 Checkpoint Selection Beyond the
Window with Few References

The selection rule should change as the labeled
OOD reference budget grows. Table 3 quantifies
this transition. With 8 references, hard EM re-
mains zero throughout the early window for 48%
of combinations of runs and draws, and its over-
all maximum is tied for 57%. An average of 6.7
checkpoints have zero hard EM even after token
likelihood has moved by at least 10% of its range
within a run. At 64 references, the corresponding
resolution failures fall to 6% and 13%, and at 210
references they fall to 0% and 5%. Over the same
range, hard EM selection regret decreases from
0.072 to 0.005, whereas token likelihood regret
decreases from 0.090 to 0.029. As the reference
set resolves more checkpoint differences, the tar-
get hard metric becomes the better unconditional
selector, while token likelihood remains available
inside unresolved plateaus. Reference budget and
split hardness jointly determine the failure mode.
T5-small retains the plateau pattern at a tiny bud-
get, while BART-base remains near zero exact
match despite improving likelihood (Section 5.6).
This regime with a small budget can arise dur-
ing pilot benchmark development, in newly anno-
tated shift domains, and on hard structural tasks
or tasks with program equivalence wherever only
a small labeled OOD set is available. The pro-
tocol assumes labeled OOD validation references.
Once a representative reference set resolves check-
point differences, selection returns to the target
hard metric.

Token likelihood using all references remains
useful in these regimes as a practical alternative
to selection by in distribution development EM.
Across the semantic parsing cohort with 30 runs,
replacing development EM selection with Equa-
tion 1 reduces oracle regret from 0.068 to 0.025
on the COGS baseline, from 0.065 to 0.013 on

Table 3: Resolution handover as the labeled OOD ref-
erence budget grows. Each row pools 30 runs and 20
deterministic subset draws per run. Regret is measured
against the best evaluated checkpoint in the run. Lower
regret is better.

OOD Early Maximum Hard EM Token likelihood

refs.  zero tied regret regret
8 48% 57% 0.072 0.090

16 28% 35% 0.038 0.066
32 14% 25% 0.025 0.050
64 6% 13% 0.012 0.039
128 1% 8% 0.007 0.032
210 0% 5% 0.005 0.029

the COGS capacity perturbation, and from 0.140
to 0.021 on the SLOG variable free split. Pooled
across runs, the regret reduction is 0.071 GEN
EM (95% bootstrap CI [0.041, 0.102]), with 22 im-
proved, 4 tied, and 4 worsened runs. Appendix Ta-
ble A.4 reports the paired breakdown by run. To
distinguish OOD specific information from like-
lihood based checkpointing generally, we add a
baseline using token likelihood on the in domain
development set. Selecting by token likelihood un-
der teacher forcing on the development split has
pooled regret 0.097, compared with 0.091 for de-
velopment EM and 0.020 for OOD token likeli-
hood (Appendix Table A.4). Its regret is 0.050
on the capacity perturbation, 0.095 on the COGS
baseline, and 0.146 on SLOG variable free. Only
the capacity result improves on its development
EM counterpart of 0.065. This contrast is consis-
tent with the useful dense signal deriving from the
labeled OOD references.

The comparison using all references evaluates
OOD token likelihood against standard in distribu-
tion development EM selection, whereas Table 1
compares tie breakers using the same OOD refer-
ences. In the full-reference comparison, soft OOD
likelihood outperforms dev-EM selection in the
studied regimes. When the same OOD references
yield informative exact matches, hard OOD EM
becomes the stronger unconditional selector. The
latest checkpoint also remains a strong tie breaker
for mostly monotone trajectories. The resulting hi-
erarchy is explicit. Report token likelihood as a
dense plateau signal, report the latest checkpoint
as the monotone tie breaker, and use hard OOD
EM when it supplies a reliable ranking.
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5.5 SIGMORPHON as a Gradual Boundary
Case

The SIGMORPHON experiments test whether the
same relation with positive lead time appears in
gradual morphology. For each aligned held out
subset, we correlate GEN EM gain three check-
points later with a composite of OOD token likeli-
hood, probe accuracy, and nearest neighbor align-
ment normalized within each run. Every English
and Turkish subset has a negative mean correlation
across three seeds. Appendix Table D.4 reports the
individual results. These gradual trajectories offer
little sustained interval before the transition for the
composite used here, although other soft diagnos-
tics may suit this learning pattern.

5.6 Pretrained Encoder and Decoder
Comparison

The pretrained comparison evaluates whether the
plateau pattern persists after initialization from T5-
small and BART-base. We fine-tune each model
on COGS for three seeds, recording 12 check-
points per run, generated outputs, and teacher-
forced OOD token likelihood. Before exact-match
scoring, we canonicalize COGS punctuation be-
cause TS5 often decodes teleport. agent
where the benchmark target writes teleport
agent. Canonicalization removes only differences
in punctuation spacing. It does not reorder con-
juncts or rename variables.

Under this canonical evaluation, T5-small
shows the same qualitative pattern as the scratch
models.  Across three seeds, canonical max
GEN EM is 0.3614+0.006, final GEN EM is
0.361£0.006, and selecting by OOD token likeli-
hood reaches 0.353£0.010 GEN EM with mean
regret 0.008. The same phase pattern appears
with a tiny budget. With 8 references, the
early hard EM window is zero throughout in
0.317£0.153 of draws and the hard EM maxi-
mum is tied in 0.63310.058 of draws. BART-base
provides a contrasting result in which canonical
maximum GEN EM remains 0.0044+0.001 even
though OOD token likelihood improves early by
0.114£0.021. Together, T5-small and BART-base
establish a mixed pretrained boundary. T5-small
preserves the plateau behavior after canonicaliza-
tion, whereas the likelihood movement of BART-
base does not translate into correct OOD outputs.
Because the models differ in architecture and out-
put formatting, we treat this comparison as evi-

dence of external validity for these specific adapta-
tion settings. Appendix Table D.3 summarizes the
comparison.

6 Discussion

The main result is that a hard EM plateau leaves
checkpoint identity unresolved even when its vali-
dation score is reported. Such plateaus call for an
auditable tie break rather than an implicit choice.
Once hard exact match becomes informative, di-
rect selection by hard OOD EM becomes appro-
priate for the reported exact match metric. The to-
ken likelihood branch of this rule requires labeled
OOD references.

Practical protocol. For a labeled OOD refer-
ence set S and evaluated checkpoints 7, let H;
be hard OOD EM on S, let L; = R{°% from Equa-
tion 1, and let A = arg maxyc7 H;. If no labeled
OOD references are available, Equation 1 is un-
available. If max; H; = 0, hard EM cannot rank
checkpoints. Report both arg max; L; and the lat-
est checkpoint. Otherwise, if |A| > 1, restrict at-
tention to .4 and report both the token likelihood
tie break arg max;c 4 L; and the latest checkpoint
in A. If | A| = 1 and max; H; > 0, select by hard
OOD EM directly, while still reporting the refer-
ence budget and sampling uncertainty for tiny ref-
erence sets.

Practitioner checklist. A minimal checkpoint
selection report should contain the following infor-
mation.

1. state the labeled OOD reference budget, sam-
pling scheme, and whether the same references
were used for every checkpoint.

2. quantify hard EM resolution with the early zero
rate, tied maximum rate, and maximum tie size.

3. when hard EM is zero throughout or tied, report
both the latest tied checkpoint and token likeli-
hood choices, including checkpoint steps and
validation scores.

4. when hard EM has a unique nonzero maximum,
select by hard EM and state that selection uses
the target metric.

5. report test EM on the full split separately from
every audit quantity on the validation set.

In the concrete record, hard EM ties three check-
points. The latest checkpoint and token likelihood
both choose 45k, whereas the two decoded sig-
nals choose different plateau members. Reporting
the full split values separately exposes the conse-
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Table 4: Audit record combining resolution across
the cohort with one traceable COGS baseline example
(seed 1, draw 1). Resolution rates use all 600 combi-
nations of runs and draws. The concrete row uses the
same 8 labeled OOD references for every checkpoint.

Audit field Example entry

Cohort sampling 30 runs with 20 uniform draws per run
and 8 references per draw

early zero rate 48%, maximum tied rate
57%, mean maximum multiplicity 2.4

COGS baseline, seed 1, draw 1

Cohort resolution

Example identity

Hard EM tie steps 31k, 43k, and 45k with validation
EM = 0.625 for all three
Latest / likelihood latest at 45k (EM 0.625), likelihood at

45k (mean log probability —0.210)
token F1 at 43k (0.951), edit similarity
at 31k (0.905)

31k = 0.523, 43k = 0.524, 45k

= 0.465

Decoded metrics

Final GEN EM

quence without using test performance to choose
the checkpoint. Checkpoint identities necessarily
depend on the run, while the cohort rates show
how often such a record is needed.

Interpretation of the evidence. The central evi-
dence compares checkpoint resolution under iden-
tical labeled OOD references. Table 1 isolates the
relevant cases in which hard EM is tied or zero
throughout, while token likelihood lowers regret
relative to random tie breaking inside the plateau.
The latest tied checkpoint remains stronger in
many monotone trajectories, so the protocol re-
ports both orderings. Token likelihood supplies
an independent ordering conditioned on the ref-
erences when exact match lacks resolution. The
selection and forecasting analyses with all refer-
ences show how this ranking result changes across
budgets and regimes.

Scope and reporting recommendation. The
comparison settings define the protocol’s empir-
ical scope. SIGMORPHON shows that gradual
morphology need not exhibit the positive lead time
relation found in COGS. Forecasting normalized
by regime varies across settings and limits the
pooled correlation across 30 runs. BART-base
shows that token likelihood can move even when
pretrained adaptation produces almost no correct
OOD outputs. For benchmarks with delayed tran-
sitions, we recommend reporting checkpoint se-
lection evidence separately from final OOD accu-
racy. The report includes the reference budget and
sampling scheme, early zero rate, tied maximum

rate, hard EM selector on the same references,
latest tied checkpoint, and token likelihood selec-
tor. This convention separates final generalization
quality from the ability of the validation metric to
identify a checkpoint. Equation 1 measures com-
patibility with labeled OOD outputs. Its relation
to particular subskills and causal mechanisms re-
mains unspecified. The claim is specific to valida-
tion based on exact match. Genuinely graded tar-
get metrics may already provide sufficient check-
point resolution, and how the protocol changes for
such metrics remains open.

7 Conclusion

This paper argues that sparse OOD EM creates a
resolution problem for checkpoint selection. La-
beled OOD token likelihood is useful when hard
EM cannot distinguish checkpoints. With 8 OOD
references, hard EM is often zero throughout or
tied, and token likelihood improves over random
tie breaking inside those plateaus under intervals
clustered by run and checks that exclude selected
references. The latest tied checkpoint is stronger
on average in the mostly monotone trajectories
studied here, so reporting both orderings reveals
when they agree or diverge. With larger refer-
ence budgets, hard EM gains enough resolution
and should become the direct selector. Mixed re-
sults from SIGMORPHON, BART base, and fore-
casting normalized by regime, together with the
lexical and structural breakdown, define the scope
as labeled OOD checkpoint selection when exact
match is too sparse to reveal partial progress. The
practical report is small. It states whether hard
EM had a unique nonzero maximum on the la-
beled OOD references, lists the latest and token
likelihood choices when the maximum was tied or
zero throughout, and keeps final test EM separate
from the selection audit. This report distinguishes
model performance from the validation rule used
to select the reported checkpoint. A checkpoint
selected by OOD EM should therefore be accom-
panied by evidence that OOD EM had enough res-
olution to select it.

8 Limitations

The diagnostic in Equation 1 requires gold OOD
reference outputs under teacher forcing and there-
fore applies to labeled OOD validation. It can-
not be computed in an unlabeled deployment set-
ting. The reference set must represent the target
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shift. Otherwise, hard EM, the latest tied check-
point, and token likelihood can all select for the
wrong subproblem. Uniform sampling, stratified
sampling, and sampling targeted by phenomenon
can answer different questions, and the sampling
scheme should be reported with the reference bud-
get. Likelihood under teacher forcing is also sen-
sitive to output format and canonicalization, as
the T5-small bridge illustrates. Our beam search
control is a spot check across three seeds rather
than a full decoding study, and we do not eval-
uate smoothed hard EM, entropy or margin se-
lectors, or likelihood with mixed prefixes. The
dense checkpoint requirement confines the proto-
col to controlled training studies and labeled OOD
validation analyses. Arbitrary pretrained systems
without comparable logs fall outside the evaluated
scope. Structural generalization also remains diffi-
cult across the studied settings. We exclude CFQ
because we could not establish a reproducible pro-
tocol that passed basic validation checks.

9 Ethical Considerations

This work uses public benchmark datasets and syn-
thetic examples or examples provided by bench-
marks for semantic parsing and morphological re-
inflection. It involves no data from human sub-
jects, private information, or sensitive annotation.
The main interpretive risk is applying a diagnos-
tic based on labeled OOD validation as though
it were an unlabeled deployment detector or ev-
idence of solved structural generalization. We
therefore state the label requirement, report con-
trasting results, and treat pretrained findings as ex-
ploratory until they undergo the same resolution,
leakage, and uncertainty checks as the primary ev-
idence.
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A Selection-Protocol Audit

This appendix follows the evidence order used in the main paper. It first presents the hard EM sparsity
analysis with few references, then conditional tie breaking inside hard EM plateaus, then paired selection
statistics with all references, and finally the larger scaling study with small reference sets. The proposed
reporting protocol is auditable because a reader can check whether hard exact match had enough resolu-
tion before interpreting a selected OOD checkpoint.

Table A.1: Ultra-small labeled-OOD reference budget analysis. Each row aggregates 30 runs x 20 same-reference
subset draws. Hard OOD exact match and OOD token likelihood selectors use exactly the same labeled OOD
examples at each budget. Selected checkpoints are evaluated by the full split GEN EM recorded for each run.
“Early hard all-zero” is the fraction of run—draw pairs in which hard OOD EM is zero throughout the first 30% of
evaluated checkpoints. “Hard maximum tied” is the fraction whose hard OOD exact-match maximum is shared
by multiple checkpoints. “Token-likelihood only ckpts.” counts checkpoints where hard OOD EM is zero while
normalized token likelihood has moved by at least 10% of its within-run range.

00D Dev Hard OOD exact-match ~ OOD token-likelihood  Early hard  Hard exact-match ~ Token-likelihood

refs. regret regret regret all-zero maximum tied only ckpts.
8 0.091 0.072 0.090 48% 57% 6.7
16  0.091 0.038 0.066 28% 35% 5.1
32 0.091 0.025 0.050 14% 25% 3.8
64  0.091 0.012 0.039 6% 13% 2.4
128 0.091 0.007 0.032 1% 8% 14
210 0.091 0.005 0.029 0% 5% 0.9

Table A.2: Conditional tie-break analysis for small labeled-OOD references. Rows are restricted to run—draw
pairs where hard OOD exact match is tied at its maximum, or where early hard OOD exact match is all-zero.
“Soft” selects, among hard exact-match tied checkpoints, the checkpoint with highest OOD token likelihood on
the same references. “Random” is the expected regret from uniformly selecting among the tied hard exact-match
checkpoints. “Latest” selects the latest tied checkpoint, which is a strong heuristic in mostly monotone trajectories,
while “Dev” breaks ties by in distribution development exact match. Here n counts eligible run—draw pairs, lower
regret is better, and negative Soft-minus-baseline differences favor Soft. The soft improvement over random tie-
breaking is clearest at 8—16 references, while Latest has lower average regret in these mostly monotone trajectories.
The final column records the nonzero subset in which Soft beats Latest, motivating the protocol’s joint report of
both tie-breakers. The intervals in this table treat eligible combinations of runs and draws as rows. Table 1 reports
the hierarchical intervals clustered by run that support the main claim.

00D .. Soft-random Soft-latest Soft
rofs. Condition n  Soft Random Latest Dev (95% CI) (95% CI) beats latest
8 hard exact-match 343 0.050 0.063 0.037 0.052 —0.013 0.012 [0.006,0.019] 21.9%
maximum tied [—0.018, —0.008]
8 early hard 161 0.044 0.059 0.035 0.048 —0.015 0.009 [0.000, 0.018] 19.9%
exact-match all-zero [—0.023, —0.008]
16 hard exact-match 207 0.038 0.045 0.030 0.040 —0.007 0.008 [0.001,0.015] 20.8%
maximum tied [—0.013, —0.002]
16 early hard 45 0.044 0.053 0.035 0.045 —0.009 0.009 15.6%
exact-match all-zero [—0.022,0.004] [—0.003,0.021]
32 hard exact-match 147 0.032 0.035 0.024 0.029 —0.002 0.009 [0.002,0.016] 16.3%
maximum tied [—0.008,0.003]
64 hard exact-match 80 0.022 0.026 0.023 0.024 —0.005 —0.001 30.0%
maximum tied [—0.010,0.001] [—0.010,0.007]
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Table A.3: Soft-vs-latest failure-case analysis. Rows condition on the same hard-EM plateaus as Table A.2, then
restrict to the subset where latest-among-ties has at least 0.05 GEN EM regret against the run oracle. Within these
subsets, token likelihood has lower mean regret in every listed row, motivating its joint report with Latest. Rows
with fewer than 10 latest-failure draws are omitted.

00D .. All tied Latest-failure Soft regret Latest regret Soft beats
Plateau condition . . . .
refs. draws draws in failures  in failures latest
8 hard exact-match maximum tied 343 120 0.061 0.088 46.7%
8 early hard exact-match all-zero 161 52 0.064 0.091 48.1%
16 hard exact-match maximum tied 207 55 0.056 0.080 45.5%
16 early hard exact-match all-zero 45 17 0.073 0.077 29.4%
32 hard exact-match maximum tied 147 28 0.050 0.074 42.9%
64 hard exact-match maximum tied 80 12 0.042 0.085 50.0%

Table A.4: Full-reference checkpoint-selection baselines. The OOD token-likelihood selector improves over stan-
dard dev-EM selection in 22/30 runs (pooled sign-test p = 0.00053 after excluding ties). The in-domain dev
token-likelihood baseline tests whether the gain comes from labeled OOD references or from likelihood-based
checkpointing generally.

Scope Dev-EM Dev token-likelihood OOD token-likelihood OQD-Vs-deV Improved / tied /
regret regret regret reduction (95% CI) worsened

Pooled 0.091 0.097 0.020 0.071 [0.041,0.102] 22/4/4

COGS baseline 0.068 0.095 0.025 0.043 [-0.002,0.090] 6/2/2

COGS capacity 0.065 0.050 0.013 0.052[0.018,0.087] 8/1/1

SLOG variable-free  0.140 0.146 0.021 0.119[0.057,0.174] 8/1/1

Table A.5: Small labeled-OOD reference ablation for checkpoint selection. Dev-EM denotes exact-match selection
on the in-distribution development split. For each run, we sample a fraction of generalization-split references, com-
pute mean teacher-forced OOD token log-probability on that subset at each checkpoint, and select the checkpoint
with the highest subset mean. Fractions below 100% use 20 deterministic draws per run. Regrets are measured
against the oracle generalization exact match for each run over the evaluated checkpoints. Checkpoint selection
gains appear with subsets as small as 1%, while every setting still uses labeled OOD outputs.

Scope Labeled Dev-EM Rtok Mean-regret COGS baseline COGS capacity /
OOD refs. regret regret reduction regret SLOG regret
Pooled 1% (~210) 0.091 0.031+0.047 66% 0.025 0.043/0.027
Pooled 5% (~1,050) 0.091 0.025+0.039 73% 0.024 0.024/0.026
Pooled 10% (~2,100) 0.091 0.022+0.034 76% 0.025 0.018/0.023
Pooled 25% (~5,250) 0.091 0.021£0.031 77% 0.025 0.013/0.024
Pooled 100% (~21,000) 0.091 0.020£0.031 78% 0.025 0.013/0.021

B Secondary Pre-Generalization and Forecasting Analyses

These analyses examine whether soft diagnostics precede or forecast later OOD gains. Their predictive
strength varies across seeds and experimental settings, so we use them as secondary evidence for the
validation-resolution audit.

B.1 Diagnostic Definitions
Let A; denote GEN EM at checkpoint ¢. For a horizon h, the future OOD gain is

ApAy = Apyn — As. 2
We also compute structural probe accuracy and structural nearest neighbor alignment as follows.
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Here P is the set of probe targets, D,, is the evaluation set for target p, p(x) is its gold label, z:(x) is
the checkpoint representation, g, is the fitted probe, N/ (x) is the set of k nearest training examples in
representation space, and c¢(x) is a structural class. Several probe targets are near ceiling, and COGS
structural classes are imbalanced. Appendix E therefore lists the calibration required before treating
these diagnostics as primary evidence.

The normalized composite diagnostic is

1 Rm_:u’m
R, = . m 5
=R > —, Q)

meMy m

where M; indexes the available components among OOD token likelihood, structural probe accuracy,
and nearest-neighbor alignment. R}" is the raw value of component m, and u,, and o, are its mean
and standard deviation over checkpoints within the same seed and setting. We use this composite for
secondary forecasting within trajectories. Every result labeled token likelihood uses Equation 1 alone.
The within-trajectory forecasting coefficient is

pn = corr(Ry, ApAy), 6)

where corr denotes Pearson correlation computed over checkpoints for which ¢ + h is observed. For
cross-run forecasting, the early soft mean is the mean OOD token log-probability over the first 30% of
checkpoints, and the early soft slope is its least-squares slope against training step (measured in thou-
sands). The last-early GEN EM and dev-EM values are taken at the final checkpoint of the early window.
The pooled progress baseline is the strongest Spearman correlate among these two values and negative
mean early training loss. The table normalized by regime restricts this comparison to last early GEN EM
and development EM.

B.2 COGS Within-Trajectory Results

Across the three COGS baseline seeds, the horizon 3 composite correlations are positive but heteroge-
neous with values of 0.578, 0.288, and 0.086. Restricting the analysis to checkpoints before GEN EM
reaches 0.20 yields » = 0.539. Later saturation weakens or reverses the association. Threshold and
horizon analyses likewise show that the transition step depends on the seed and threshold. These results
identify a measurable but seed-dependent COGS pre-generalization window.

B.3 Cross-Setting Forecasting Results

In the pooled 30-run cohort, early OOD token log-probability achieves Spearman p=0.793 with max-
imum GEN EM, exceeding the strongest progress baseline (p=0.684) by +0.108 with permutation
p=0.001. For final GEN EM, the corresponding values are 0.759 and 0.713. The COGS capacity setting
is the strongest individual case. Early token likelihood slope reaches p=0.867 with maximum GEN EM,
while the best progress baseline is —0.127. SLOG variable-free shows a smaller but positive margin of
+0.267 over its progress baseline for final GEN EM.

At n=10, the COGS baseline progress features correlate more strongly with both maximum and final
GEN EM than the soft features. After features and outcomes are standardized within each setting, to-
ken likelihood reaches 0.306 versus 0.283 for the progress baseline on maximum GEN EM, and 0.277
versus 0.422 on final GEN EM. Leave-one-setting-out performance also varies by the held-out regime.
Table C.2 reports the regime-normalized and leave-one-regime-out results. Accordingly, we retain the
cross-setting correlations as setting-dependent secondary evidence.

C Regime and Forecasting Evidence

This section summarizes the regime-level evidence that defines the protocol’s empirical scope. Table C.1
contrasts within-trajectory patterns, and Table C.2 tests cross-run associations after regime normalization
and held-out-regime evaluation.
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Table C.1: Evidence summary by regime. GEN EM is exact match accuracy on the held out generalization split.
Within trajectory h=3 is the Pearson correlation for each seed between readiness R; (Equation 5) and future OOD
gain AgA; (Equation 2). Values with + are the mean and standard deviation across seeds. The dense diagnostic
group contains three COGS seeds and three seeds per SIGMORPHON language. The main semantic parsing
cohort contains 10 seeds per regime and 30 runs total.

Regime Model l\ég;nélﬁl G]Sll\? 21131M Wlthlr;Lt;a%ectory Interpretation

Dense diagnostic trajectories

COGS baseline scratch Transformer  0.525+0.041 0.48540.058 0.317+0.247 positive mean with
substantial seed
variation

SIGMORPHON EN/TR scratch Transformer - - no COGS like lead gradual morphology
boundary

30 run semantic parsing cohort (n=10 per regime, see §B)

COGS baseline scratch Transformer  0.543£0.030 0.493£0.053  +0.1264+0.242  positive mean with
substantial seed
variation

COGS capacity capacity Transformer 0.48240.030 0.3914+0.048  —0.082+0.204  negative mean with
strong maximum EM
signal across runs

SLOG variable free scratch Transformer  0.309£0.041 0.232£0.061  +0.2464+0.187  structural setting with

positive mean

Table C.2: Checks normalized by regime and evaluated with one regime held out for the cohort with 30 runs.
Features and targets are standardized within each regime before pooling. pr and pp are Spearman correlations for
the selected token likelihood and progress features, respectively. Their performance varies across held out regimes.

RY°¥ feature

Analysis Held-out regime Target pr Progress feature PB

Regime-normalized pooled — maximum GEN early soft mean 0.306 last-early GEN EM 0.283
EM

Regime-normalized pooled — final GEN EM early soft slope 0.277 last-early GEN EM 0.422

Leave-one-regime-out COGS baseline maximum GEN early soft slope 0.331 last-early GEN EM 0.361
EM

Leave-one-regime-out COGS baseline final GEN EM early soft slope 0.287 last-early GEN EM 0.367

Leave-one-regime-out COGS capacity maximum GEN early soft mean 0.239 last-early GEN EM 0.435
EM

Leave-one-regime-out COGS capacity final GEN EM early soft mean 0.218 last-early GEN EM 0.594

Leave-one-regime-out SLOG variable-free maximum GEN early soft mean 0.382 last-early GEN EM 0.051
EM

Leave-one-regime-out SLOG variable-free final GEN EM early soft slope 0.365 last-early GEN EM 0.275

D Boundary and Bridge Protocols

This section records the evidence status of each comparison and then provides the capacity, pretrained,
and subset-aligned morphology details.

Table D.1: Status of boundary and bridge protocols. The rows distinguish reported controlled evidence, reported
pretrained comparisons, and exploratory protocols.

Protocol Purpose and status

COGS capacity perturbation Reported comparison that varies model capacity relative to the COGS
baseline.

Reported structural generalization condition whose target programs do
not require explicit variables.

Exploratory pretrained decoder only adaptation. Released artifacts
remain outside the main evidence.

Reported pretrained encoder and decoder comparison with 3 seeds per
model. T5-small preserves the pattern after punctuation
canonicalization. BART-base provides a low EM boundary.

SLOG split without variables
Pythia COGS adaptation

T5-small and BART-base COGS bridge
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Table D.2: Reported COGS capacity perturbation configuration.

Hyperparameter COGS baseline COGS capacity
Encoder layers 3 4
Decoder layers 3 4
Hidden size 256 256
Attention heads 4 8

FFN size 512 1024
Eval/save interval 1k steps 1k steps
Dense diagnostic seeds 3 3

Main cohort seeds 10 10

Table D.3: Pretrained encoder and decoder COGS bridge over 3 seeds per model. Canonical GEN EM removes
differences in punctuation spacing only. Soft selected GEN EM is measured at the OOD token likelihood check-
point. Early soft delta is the maximum OOD token log probability in the first 30% of checkpoints minus its value
at the first checkpoint.

Canonical Soft-selected Soft Early soft

Model maximum GENEM  GEN EM regret delta ~ Interpretation
T5-small 0.361£0.006 0.353£0.010 0.008+0.013 1.00840.017 plateau pattern after punctuation
canonicalization

BART-base 0.004+0.001 0.0044+0.001 0.00040.000 0.11440.021 low-EM boundary despite early
token-likelihood movement

Subset-aligned morphology. For SIGMORPHON, we compute readiness and target performance on
the same held-out subsets to remove subset mismatch from the comparison.

Table D.4: Representative subset-aligned SIGMORPHON predictive correlations. Mean 7 is the mean Pearson
correlation across three seeds between composite readiness and GEN EM gain three checkpoints later. All reported
correlations are negative. MSD denotes morphosyntactic description.

Language Aligned subset Mean » Maximum GEN EM

English  full dev -0.9781 0.844
English low edit -0.8951 0.888
English ~ medium edit -0.9665 0.747
Turkish rare MSD -0.9469 0.689
Turkish common MSD -0.9348 0.786
Turkish  high edit -0.9583 0.796
Turkish medium edit -0.8621 0.710
Turkish low edit -0.9373 0.683

E Auxiliary Diagnostic Calibration

Structural probes and nearest-neighbor alignment appear only in the secondary forecasting analyses.
Their interpretation is limited by near-ceiling probe targets and imbalanced COGS structural classes. Ta-
ble E.1 lists the calibration required before treating these diagnostics as primary evidence. The selection
protocol reports token likelihood results separately from the composite diagnostic.
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Table E.1: Calibration requirements for auxiliary structural diagnostics.

Calibration item

Required check

Nearest-neighbor alignment

Class distribution
Random/class-frequency baselines
k sensitivity

Report majority-class effects in COGS structural labels.
Separate representation geometry from label imbalance.
Establish whether structural alignment is stable across neighbor counts.

Richer probe targets
Recursion/count buckets

Length and construction buckets
Structural signatures

Test whether probes capture more than shallow split membership.
Establish whether probe accuracy varies enough across checkpoints.
Test whether richer structural labels predict later OOD gains.
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