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Abstract

Compute-allocation schemes that steer extra training budget toward high-value examples need a
per-example value or difficulty score, and a practical design choice is whether that score must
be recomputed online, in-loop, during the run it steers, or can instead be pre-scored once and
reused. Prior work on a forgetting-decay score reports that the score is essentially uncorrelated
across independent training runs (Spearman p & 0.01), implying that reuse is unsound and online
recomputation is required. We test this at CIFAR scale with a synthetic value-weighted compute
auction on ResNet-18 and DeiT-Small (a compact, from-scratch vision transformer), comparing
static (frozen, pre-scored) against online (in-loop, recomputed) auctions for a forgetting-based
score on the full matrix, and a loss-based score on a reduced, CIFAR-10-only robustness check;
we separately measure cross-run score correlation across training-stage checkpoints on ResNet-18,
for both scorer families and both datasets. We did not detect a nontrivial accuracy effect from
the auction mechanism for the forgetting scorer: every static, online, and ensembled-static arm
lands within 1.4 percentage points of a uniform-compute control, at n=3 seeds per cell. The
correlation diagnostic tells a sharper story: across two datasets, three independent seed pairs,
and four training-stage checkpoints, the loss scorer’s mean cross-run correlation (p € [0.79,0.92]
across datasets, at the final checkpoint, ResNet-18 only) is consistently higher than the forgetting
scorer’s (p € [0.47,0.58]), with point estimates that do not overlap in any cell we measured
(a descriptive comparison, not a significance test). Both estimates sit far above the near-zero
correlation the forgetting-decay literature reports. This is a CIFAR-scale, small-n study with no
formal significance testing throughout; within that scope, a team choosing between these two
scorer families should expect the loss-based one to tolerate a stale, pre-computed score better
than the forgetting-based one, and it is not the static/online distinction itself where the practical
risk lives.

1 Introduction

Training pipelines that allocate extra optimizer steps to a subset of "high-value" examples need
a value or difficulty score for every example in the dataset. That score can be computed two
ways: online, i.e. recomputed in-loop as the run it steers progresses, or static, i.e. computed once
by a separate scout run and reused unchanged. Online scoring is more expensive to implement
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and to run [1, 2], so whether it is actually necessary is a real engineering and research question,
not just a theoretical one: it turns on whether per-example difficulty is an intrinsic, transferable
property of the data or is instead dominated by run-specific training stochasticity. A recent study of
forgetting-decay scores in fine-tuned image classifiers reports a near-zero cross-run rank correlation
[3], which would argue strongly for online recomputation.

We test this question directly with a synthetic value-weighted compute auction: batches scored in
the top decile receive additional optimizer steps, and we compare a static auction (scored once by a
frozen scout run) against an online auction (scored in-loop by the run itself) and a uniform-compute
control, at matched total training budget. We run this for a forgetting-based score, on ResNet-18
[4] and DeiT-Small [5] trained from scratch on both CIFAR-10 and CIFAR-100, and a loss-based
score, on the same two architectures on CIFAR-10 only, as a robustness check. We also measure
the underlying diagnostic directly, the cross-run rank correlation between a frozen scout score and
an independently trained run’s own score, extending it beyond a single final-epoch estimate to a
trajectory across four training-stage checkpoints, on ResNet-18.

Our contributions:

1. We show that, for a forgetting-based scorer, we did not detect either the static or the online
variant of this auction beating a uniform-compute control by a nontrivial margin on either
CIFAR-10 or CIFAR-100, on either architecture (§5.1, at n=3 seeds per cell, descriptive
comparisons only) — which limits how much the static-versus-online comparison alone can
teach us.

2. We measure the cross-run score-correlation trajectory across four training-stage checkpoints for
two scorer families and two datasets, on ResNet-18 only, and find the loss scorer’s correlation
point estimate is higher than the forgetting scorer’s at every checkpoint we measured, with non-
overlapping point estimates across three independent seed pairs (§5.2) — both scorers replicate
the field’s counter-evidence to the near-zero-correlation claim, and at the final checkpoint
the two scorer families differ from each other by roughly 1.3 to 2 times, growing larger (up
to about 3.3 times) earlier in training when both correlations, and especially the forgetting
scorer’s, are smaller and the ratio is correspondingly less stable.

3. We identify a secondary, architecture-specific effect: a loss-based value-weighted auction
measurably harms DeiT-Small’s accuracy while leaving ResNet-18 within about 1 percentage
point of control (at n=2 seeds for ResNet-18, versus 3 for DeiT-Small; §7) under the same
scorer and threshold (§5.3), which we flag as an open scorer times architecture interaction
rather than a resolved explanation.

2 Related Work

Cross-run score stability is a contested question, not a settled one. A forgetting-decay
score used to build a spaced-repetition training curriculum is reported to have near-zero cross-seed
rank correlation (p &~ 0.01) between independently trained seeds [3], which is the specific claim
our diagnostic tests. Several other studies, however, report the opposite: an ensembled hardness
score used for offline DPO example selection labels a highly consistent set of examples as "difficult”
across 40 runs that vary in model, seed, and training-data subset [6]; a frozen curriculum built
from a separate scout model series transfers successfully across models and datasets [7]; and a
coreset-selection method built on a static hardness score beats a dynamic in-loop baseline on
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CIFAR-100 at higher pruning fractions [8]. Reported magnitudes in this literature range from
near-zero [3] to above 0.9 [6] depending on scorer family and domain, with several studies clustering
in a moderate band in between [9, 10]. Our results sit on the moderate-to-high side of this split for
both scorer families we test, consistent with the latter group.

Scorer family matters more than the literature’s framing often suggests. A single-
snapshot score such as EL2N is markedly less cross-run-stable than training-dynamics or windowed
scores such as forgetting counts [11], and a separate study finds forgetting/consistency-style scores
more seed-robust than a loss-based score on CIFAR-10 [10] — the opposite ordering from what we
observe. We take this as evidence that stability rankings between scorer families are not universal
and must be measured per project rather than assumed from a single prior result, which is exactly
what our study does for the forgetting-versus-loss pair.

Overhead accounting and threshold sensitivity are recurring pitfalls. MATES reports
online-selection overhead shrinking from 18.0% to 7.3% of total compute as model scale grows
[1]; RHO-LOSS folds proxy-model training cost into its overall FLOPs comparison [2]; and a
temporal-influence study shows that restricting online rescoring to early and late training phases
recovers about 96% of the benefit of continuous rescoring at more than five times lower overhead
[12]. Separately, naive top-k thresholding on a value score can catastrophically collapse accuracy at
aggressive allocation ratios, dropping below a random baseline [11]. Our auction’s decile threshold
and step multiplier are fixed rather than swept, a scope choice we return to in §7.

Static baselines are often tested at their weakest. Ensembling a scout score over multiple
seeds or reference models measurably improves both cross-seed stability and downstream performance
[10, 6], motivating the ensembled-static arm we include alongside a single-scout static arm.

CIFAR-10/CIFAR-100 with ResNet-18 is the dominant shared testbed for this
literature, giving directly comparable baseline numbers [13, 11, 8, 2, 14], and a uniform or random-
sampling control is the near-universal sanity baseline against which value-weighted methods are
compared [14, 2]. Spearman rank correlation between per-example scores, computed mean-versus-
mean, mean-versus-run, or run-versus-run [9], and averaged across independently varied seeds [10],
or across many training checkpoints against an expensive ground truth [15], is the field’s standard
score-stability diagnostic and is what we adopt for our checkpoint-trajectory measurement.

3 Method

The auction mechanism is shared across every value-weighted arm. Within each training epoch,
batches whose examples score in the top decile of a per-example value score receive two optimizer
steps that epoch; the remaining 90% of batches receive one. This ratio is a fixed constant, not
swept, across every arm and every job in this study. For a forgetting-based score, the number of
times a training example’s prediction flips from correct to incorrect across epochs [16], the same
family of scores this project’s motivating hypothesis is built on [3], we compare three arms against a
uniform-compute control that applies no value weighting:

o Static, single-scout. The value score is computed once by a separate scout run (seed A)
and frozen; the steered run (seed B) reuses it unchanged throughout training.

e Static, ensembled-scout. The frozen score is the mean over three independent scout runs
on the same dataset/architecture cell, rather than a single scout, testing whether ensembling
closes any gap to the online arm.
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e Online, in-loop. The score is recomputed from the steered run’s own training trajectory as
it progresses, using no scout run.

For a loss-based score, an exponential moving average of per-example training loss updated
every epoch, we run a reduced two-arm robustness check on the same control, static single-scout
and online in-loop, without the ensembled-scout variant. Both scorer families steer the same top-
decile/2x auction mechanism, so any difference between them isolates the scorer, not the auction
design.

For the checkpoint-correlation diagnostic (§5.2), run on ResNet-18 only (§7 explains why DeiT-
Small was dropped for this diagnostic), we run a scout (seed A) and an independent (seed B)
pass with no steered auction pass, and snapshot each run’s per-example score at four points in
training, 25%, 50%, 75%, and 100% of the schedule, computing the Spearman rank correlation
between the two runs’ scores at each matched checkpoint. This isolates the score-stability question
from the auction’s own effect on accuracy, and means no downstream accuracy is measured for
these particular runs: the accuracy-side static-versus-online comparisons (Tables 1 and 3) and the
checkpoint-correlation diagnostic (Table 2) come from separate sets of jobs.

4 Experimental Setup

Data. CIFAR-10 and CIFAR-100 [17], standard 32x32 color image classification benchmarks,
50,000 training and 10,000 test images each. We hold out a fixed, class-stratified 5,000-image
validation slice from the training pool (45,000/5,000 split), shared across every arm and seed in a
given cell so all comparisons within a cell use the same validation set; the canonical 10,000-image
test split is reserved and not used in this study’s comparisons.

Models. ResNet-18 [4] and DeiT-Small [5], both trained from scratch, with no ImageNet
initialization for either architecture. Our DeiT-Small is a compact vision transformer built to consume
CIFAR’s 32 x 32 images natively (patch size 4), not the standard 224 x 224-input configuration
typically initialized from ImageNet weights. Training both architectures from scratch is a deliberate
deviation from DeiT-Small’s more common ImageNet-pretrained usage, adopted specifically to
keep both architectures on the same from-scratch/pretrained footing, since static scoring’s reported
failures and successes split along roughly that line in prior work [15] (§7 discusses a confound in
that source we could not fully control for here).

Protocol. Each seed run pairs a scout run (seed A) with a steered run (seed B). Every
dataset/architecture cell in the phase-1 forgetting-scorer matrix uses three independent seed pairs,
with all arms in a cell sharing the same three seed-A scout runs; the loss-scorer robustness slice uses
two seed pairs on ResNet-18 and three on DeiT-Small (a third pair was added after the first two
showed a consistent effect). The checkpoint-correlation study (phase 2) uses ResNet-18 only, on
both datasets and both scorer families, again with three independent seed pairs per cell. All jobs
share one fixed hyperparameter set (learning rate, batch size, epoch count) within a comparison, so
that final top-1 validation accuracy is compared across arms trained for the same nominal epoch
schedule. This is not a matched-FLOPs comparison: value-weighted arms give top-decile batches
twice the optimizer steps of the control, and we did not compute a separate accounting of the online
arms’ scoring-recomputation overhead against the static arms’ one-time scout cost (§7).



Loss vs. Forgetting Score Stability

Table 1: Mean validation accuracy (3 seeds), forgetting scorer: uniform control (C), static single-
scout (A), online in-loop (B), and static ensembled-scout (D). Deltas are relative to the cell’s control.

Cell C (control) A (static) B (online) D (ensembled)

CIFAR-10 / ResNet-18 0.9271  0.9230 (-0.4pp) 0.9285 (+0.1pp) 0.9255 (—0.2pp)

CIFAR-100 / ResNet-18 0.7215  0.7195 (-0.2pp)  0.7187 (-0.3pp) 0.7146 (-0.7pp)

CIFAR-10 / DeiT-Small 0.5426  0.5530 (+1.0pp) 0.5505 (+0.8pp) 0.5410 (~0.2pp)

CIFAR-100 / DeiT-Small 0.3278  0.3220 (-0.6pp)  0.3215 (-0.6pp) 0.3135 (~1.4pp)
5 Results

No formal significance test is used anywhere below; comparisons are descriptive (means and ranges
over 2-3 seeds), and we flag where a finding rests on a thin seed count (§7 discusses this choice and
its risks).

5.1 The auction shows no detectable accuracy effect for a forgetting-based score

Table 1 reports mean validation accuracy for the uniform-compute control and the three forgetting-
scorer arms, per dataset/architecture cell, averaged over three seeds. Every arm lands within 1.4
percentage points of its cell’s control, which is inside the control’s own seed-to-seed spread (0.2 to 2.1
percentage points across the three seeds). We did not detect a consistent, nontrivial improvement
over uniform compute for any arm, nor did the online arm consistently beat the static arm; given
the small seed count, this is an absence of a detected effect, not evidence the true effect is zero.

The forgetting-scorer diagnostic correlation over this same matrix, the final-epoch Spearman
correlation between a cell’s static score (arm A) and its matched in-loop score (arm B), ranges
from 0.47 (CIFAR-100/ResNet-18) to 0.70 (CIFAR-100/DeiT-Small) for the single-scout static
arm, and from 0.59 to 0.78 for the ensembled-static arm. Both ranges are moderate to high,
not the near-zero correlation the forgetting-decay literature reports [3], and instead replicate the
counter-evidence positions in §2 [6, 7]. These values are recorded by Table 1’s arm-A jobs themselves;
the independent, purpose-built correlation study in §5.2 uses separate jobs entirely and lands in a
closely matching range for the cells the two studies share (e.g. CIFAR-10/ResNet-18: 0.583-0.591
here versus 0.570-0.603 in Table 2), which we read as an informal cross-check rather than a claim of
statistical agreement.

5.2 Cross-run score correlation across training checkpoints

Our main diagnostic result extends the correlation measurement from a single final-epoch estimate
to a trajectory across training, using a dedicated set of runs (scout and independent passes with no
steered auction pass) rather than the accuracy-comparison jobs above. Using the ResNet-18-only
checkpoint study (both datasets, both scorer families, three independent seed pairs per cell), Table 2
reports the final-checkpoint (100% of the 20-epoch schedule) Spearman correlation between a frozen
scout score and an independently trained run’s own score.

The loss scorer’s correlation is higher than the forgetting scorer’s on both datasets: the two
point-estimate ranges do not overlap in either cell (a descriptive comparison over 3 seed pairs, not
a significance test), and on CIFAR-100 the gap between the range midpoints is roughly two-fold
(0.917-0.920 versus 0.470-0.475). Figure 1 shows this gap holds at every measured checkpoint, not
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Table 2: Final-checkpoint cross-run Spearman correlation, mean (range across 3 seed pairs), ResNet-
18 only.

Scorer CIFAR-10 CIFAR-100
Forgetting  0.584 (0.570-0.603) 0.473 (0.470-0.475)
Loss 0.791 (0.775-0.800) 0.919 (0.917-0.920)

only at convergence: it is present from the earliest checkpoint (25% of the schedule) onward, though
it narrows somewhat in absolute terms as the forgetting scorer’s own correlation climbs through
training. The forgetting scorer’s earliest reading (0.198-0.216 across the two datasets) is the closest
either scorer comes in this study to the near-zero correlation reported in prior work [3], but it is
already climbing well past that range by the 50% checkpoint (0.361-0.415) and continues to rise
for the remainder of training. A secondary pattern is visible in the same data: the loss scorer’s
correlation is higher on the harder dataset, CIFAR-100 exceeding CIFAR-10, at every checkpoint
we measured, while the forgetting scorer’s is lower on the harder dataset from the 50% checkpoint
onward, the opposite direction; at the earliest (25%) checkpoint the forgetting scorer briefly runs
the other way (CIFAR-100 0.216 versus CIFAR-10 0.198), so this reversal is a late- and mid-training
pattern, not one that holds across every checkpoint we measured. We do not have an explanation for
this reversal and flag it as an open question in §7. This diagnostic reports whole-distribution rank
correlation; it does not directly measure how much the static and online scores agree specifically
on which examples land in the auction’s top-decile cutoff, which is the set the auction mechanism
actually acts on (§7).

5.3 A loss-based auction shows a large accuracy drop on DeiT-Small

We separately tested the loss-based scorer on a reduced slice (CIFAR-10 only, both architectures).
Table 3 shows the largest accuracy deviation from control in this study: the loss-based auction
shows a mean accuracy drop on DeiT-Small (static arm 5.99 percentage points below control, all
three seeds negative; online arm 2.69 percentage points below control on average, 2 of 3 seeds
negative) while ResNet-18 stays within about 1 percentage point of control (at n=2 seeds, too few
to characterize ResNet-18’s own seed-to-seed spread). The forgetting-scorer arms on the same two
architectures (Table 1) show no comparable architecture-specific drop. We treat this as the largest
deviation among many cells examined across this study, not a pre-registered single comparison,
and DeiT-Small’s from-scratch training on this dataset is already the most fragile cell in our whole
matrix (§7), so we hold this finding more loosely than the correlation result above. The loss scorer’s
static-versus-online correlation on this slice (0.74 to 0.79) is higher than the forgetting scorer’s on
the corresponding cells, which at minimum rules out one candidate explanation, that the static and
online scores simply disagree with each other on DeiT-Small; it does not by itself establish what the
shared ranking is doing wrong (§7).

On the individual per-seed level, the static loss-scored DeiT-Small arm lands below control on
all three seeds (—7.06, —7.22, and —3.68 percentage points); the online arm lands below control on
two of three seeds (—6.48 and —3.86 percentage points, with one seed at +2.28 percentage points).
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Score correlation across training checkpoints (ResNet-18)
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Figure 1: Cross-run Spearman correlation between a frozen scout score and an independent run’s
own score, at four training-stage checkpoints (25/50/75/100% of a 20-epoch schedule), for the
forgetting and loss scorers on CIFAR-10 and CIFAR-100. Each point is the mean across 3 seed
pairs; ResNet-18 only.

6 Discussion

The results in this paper answer different questions and point in different practical directions. The
auction-mechanism comparison (§5.1) asks whether recomputing a value score in-loop changes
downstream accuracy relative to reusing a frozen score, and for the forgetting scorer at this scale
and this fixed decile/2x threshold, we did not detect either variant doing much of anything relative
to a uniform-compute control. That result limits how much this comparison alone can say about
static-versus-online scoring, since a mechanism whose accuracy effect we could not detect cannot
cleanly discriminate between two ways of feeding it a score (§7).

The correlation diagnostic (§5.2) is a more direct test of a closely related question, whether a
per-example difficulty score is a stable, run-independent property of the data or an artifact of one
particular training trajectory, and it gives a clear answer for both scorer families we tested: neither
scorer replicates the near-zero correlation reported for forgetting-decay scores elsewhere [3], and the
two scorer families differ substantially from each other, with the loss-based score consistently and
considerably more cross-run-stable than the forgetting-based score. Of the two levers we tested,
this suggests scorer-family choice is more likely to matter than the static-versus-online mechanism
itself, at least within the two families and the compute scale we tested. This inference has two gaps
we did not close: we measured whole-distribution rank correlation, not agreement specifically on
the auction’s top-decile cutoff (§5.2), and our one downstream-accuracy comparison for the loss
scorer (§5.3) is CIFAR-10 only, so it does not directly test whether the CIFAR-100 cell, where the
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Table 3: Loss-scorer robustness slice, CIFAR-10 only, mean validation accuracy vs. uniform control
(C). ResNet-18 is averaged over 2 seeds; DeiT-Small over 3 (§7 discusses how the third DeiT-Small
seed was added).

Architecture C (control) E (static) F (online)
ResNet-18 0.9284  0.9184 (-1.0pp)  0.9252 (-0.3pp)
DeiT-Small 0.5426  0.4827 (-5.99pp) 0.5157 (~2.69pp)

correlation gap between scorers is largest, would show a correspondingly larger accuracy consequence.

The loss-scorer/DeiT-Small accuracy drop (§5.3) is the largest deviation from control we observed
in this study, on one architecture. Because DeiT-Small’s static and online loss-based rankings agree
closely with each other, we can at least rule out a simple disagreement between the two scoring
procedures as the explanation; that leaves open, and does not resolve, whether the shared ranking
is itself a poor fit for how DeiT-Small trains from scratch at this scale, or whether the fragility of
this particular cell (§7) is doing some of the work. We did not run the additional experiments that
would be needed to isolate the mechanism.

7 Limitations

Statistical caveats (read first). Every comparison in this paper is descriptive: means over 2-3
seeds, with per-seed min—max ranges given where we report them (the correlation study, Table 2;
and the loss-scorer robustness slice, Table 3) but not for the core forgetting-scorer matrix (Table 1),
which reports only per-cell means against the control’s own pooled seed spread. No significance
test, confidence interval, or power analysis appears anywhere. A non-overlapping range between
two groups of 3 is a much weaker claim than it may sound (it does not bound a false-positive rate
the way a confidence interval does), and a "detected effect” or "no detected effect" at this sample
size should be read as exactly that, not as evidence that a true effect is present or absent. Two seed
counts are worth flagging specifically: the ResNet-18 loss-scorer cell in Table 3 has only 2 seeds,
too few to characterize its own spread; and DeiT-Small’s third seed in that same table was added
because the first two seeds already showed the effect we report, an ad hoc, data-dependent stopping
rule (not pre-registered) that plausibly biases the reported DeiT-Small effect size and its apparent
unanimity upward. We did not apply a matching third seed to ResNet-18, so the table’s two rows
are not on equal evidentiary footing.

Internal validity. The forgetting-scorer core matrix landed at parity with its uniform-compute
control on every cell we tested, which makes the static-versus-online comparison for that scorer close
to untestable: a mechanism whose accuracy effect we could not detect cannot cleanly discriminate
between two ways of computing its input score. The auction’s own knobs (decile threshold, 2x
step multiplier) were fixed rather than swept, by design, so we cannot rule out that a differently
tuned auction would separate the static and online arms more clearly. The matched-total-FLOPs
comparison did not include a separate accounting of the online arms’ scoring-recomputation overhead
against the static arms’ one-time scout cost; only aggregate per-job wall-clock and GPU-hour totals
were tracked, so we cannot report the field-standard scoring-versus-training compute breakdown
that the closest related work provides [1, 2]. Separately, the checkpoint-correlation diagnostic (§5.2)
reports Spearman correlation over the full score distribution; it does not report agreement specifically
on which examples fall in the auction’s top-decile cutoff, which is the only part of the distribution the
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auction mechanism actually consumes. Two scorers could show similar whole-distribution correlation
while disagreeing sharply near the cutoff, or vice versa, so the practical "tolerates a stale score
better" framing in the Abstract and Discussion is an inference from the whole-distribution statistic
we measured, not a direct measurement of top-decile-set stability.

DeiT-Small: disqualified from one analysis, retained for another. DeiT-Small was
dropped from the checkpoint-correlation study (§5.2) because its from-scratch training regime is
the most fragile cell in the phase-1 matrix (control accuracy near 0.53 to 0.55 on CIFAR-10, far
below ResNet-18’s 0.93) and we judged its inclusion would confound the correlation trajectory;
the forgetting-versus-loss ordering we report for DeiT-Small therefore rests only on the phase-1
final-epoch estimate, not on the checkpoint trajectory. The same fragile cell is, however, the entire
evidentiary basis for the loss-scorer accuracy-drop finding (§5.3). We do not have a principled way
to say that fragility disqualifies one analysis but not the other; we flag both results as resting on this
cell and let the reader weigh the accuracy-drop finding accordingly, rather than either suppressing
it or presenting it with the same confidence as the ResNet-18-based correlation result.

External validity. We tested exactly two scorer families, forgetting-based and loss-based; other
proxy families we did not test, gradient-norm and embedding-based scores among them, may behave
differently and are out of scope here. Both architectures were trained from scratch rather than from
an ImageNet-pretrained initialization; static scoring’s reported failures are on from-scratch image
classification, while its reported successes are on fine-tuning a pretrained backbone [15], though that
comparison is confounded with a modality shift (image versus text) in the source, so our results
may not transfer cleanly to a pretrained-backbone setting. All experiments are at CIFAR scale; we
make no claim about how either finding scales to larger datasets or models.

Construct validity. No job in this study retained per-example predictions or logits, so no
calibration or per-example error analysis was possible; our error analysis is limited to aggregate,
cell-level patterns. The direction reversal we observed between the two scorers’ response to task
difficulty, the loss scorer’s correlation rising on the harder CIFAR-100 task while the forgetting
scorer’s falls (§5.2), is reported as an open question, not a resolved mechanism.

8 Availability

No code, data, or checkpoints from this study are being made public at this time. Artifacts, including
the training scripts, per-job configs, and the full run-level results underlying every table and figure
in this paper, are available from the authors on request.

9 Conclusion and Future Work

We set out to test whether a per-example value score for a compute auction needs to be recomputed
online or can be safely reused from a one-time scoring pass, motivated by a prior report of near-zero
cross-run correlation for a forgetting-decay score. We did not detect an accuracy effect from the
auction itself for a forgetting-based score at CIFAR scale, which limits what that comparison
alone can teach us, but the underlying diagnostic is informative on its own: across two datasets,
three seed pairs, and four training-stage checkpoints, on ResNet-18, a loss-based score’s cross-run
correlation (p € [0.79,0.92] at the final checkpoint) is consistently higher than a forgetting-based
score’s (p € [0.47,0.58]), and both sit well above the near-zero correlation reported elsewhere for
forgetting-decay scores. We also find a narrower, architecture-specific accuracy drop: a loss-based
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auction shows a large mean accuracy decline on DeiT-Small (the most fragile cell in our matrix,
§7) while ResNet-18 stays within about 1 percentage point of control (n=2 seeds) under the same
scorer and threshold. All of this is descriptive, small-n evidence with no formal significance testing
(§7); we present it as a set of directions worth a larger follow-up, not a settled result. For future
work, we rank: (1) extending the checkpoint correlation study to DeiT-Small with a training recipe
suited to vision transformers from scratch, to test whether the loss-versus-forgetting ordering we
report holds across architectures; (2) sweeping the auction’s decile threshold and step multiplier,
since the current fixed setting may be why we could not detect an accuracy effect; (3) adding a
gradient-norm or embedding-based scorer family to test whether the loss-versus-forgetting stability
gap generalizes to a third scoring approach; and (4) measuring top-decile-set overlap directly,
alongside whole-distribution correlation, to test whether the practical "tolerates a stale score" claim
holds at the specific cutoff the auction uses.
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