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Abstract

Increasing the calibration budget sixteenfold changed 1,215 of 9,216 group-level clipping choices, but
yielded an uncertain improvement in subsequent text loss. Using Pythia-14M, we estimated input second
moments from nested prefixes of 512 and 8,192 tokens and fitted the same diagonal-weighted four-bit
rounding rule. On 16,384 evaluation targets elsewhere in the file, the larger budget reduced mean
negative log likelihood by 0.003545 nats; the conditional 95% interval ranged from a 0.011496 reduction
to a 0.004407 increase. Both rounded models retained substantial loss relative to source weights. The
experiment separates visible calibration changes from demonstrated predictive benefit, without
establishing that the smaller budget is generally sufficient.

Nested calibration inputs for a fixed four-bit clipping heuristic, followed by actual CPU next-token scoring on a separate
local text segment.
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More Calibration Tokens Change Group Choices, with an
Uncertain Loss Benefit

Nested calibration inputs for a fixed four-bit clipping heuristic, followed by actual CPU next-token
scoring on a separate local text segment.

Abstract

Increasing the calibration budget sixteenfold changed 1,215 of 9,216 group-level clipping choices, but
yielded an uncertain improvement in subsequent text loss. Using Pythia-14M, we estimated input second
moments from nested prefixes of 512 and 8,192 tokens and fitted the same diagonal-weighted four-bit
rounding rule. On 16,384 evaluation targets elsewhere in the file, the larger budget reduced mean negative
log likelihood by 0.003545 nats; the conditional 95% interval ranged from a 0.011496 reduction to a
0.004407 increase. Both rounded models retained substantial loss relative to source weights. The
experiment separates visible calibration changes from demonstrated predictive benefit, without
establishing that the smaller budget is generally sufficient.

1. A larger calibration sample must be judged through its fitted policy

Post-training numerical compression often needs representative inputs to estimate which parameters or
channels matter. More inputs can alter an estimated importance profile and the resulting precision choices.
Those changes alone do not establish a useful improvement in prediction. A calibration procedure can
become more stable in one intermediate quantity while an approximation in its objective limits the value
of additional observations. The evaluation must therefore follow the fitted policy through to the outcome
it is meant to preserve.

Our research question is whether increasing a nested calibration-input budget from 512 to 8,192 tokens
improves next-token loss under one fixed four-bit clipping heuristic. The directional proposition favors a
negative larger-minus-smaller loss difference on a separate local segment. We also record how often the
selected group clipping fractions change and how both policies compare with source weights. The design
does not search for an optimal calibration size or claim that a null difference proves the smaller budget
sufficient.

Resource requirements in the compression setting of Wang et al.,, 2026 motivate the question. The
executed procedure is a declared diagonal-weighted reconstruction heuristic, rather than an
implementation of that framework. Its coefficients are fitted from unlabeled original-model inputs, with
no fine-tuning or coding-preference labels. We keep that boundary because conclusions about the number
of calibration observations apply to a specific fitting objective and representation. They cannot be
transferred automatically to a different compression architecture or learning procedure.

2. The public model, source values, and local runtime

The underlying checkpoint is the final standard-Pile Pythia-14M model documented by Biderman et al.,
2023. We load its numeric safetensors state strictly into the maintained GPT-NeoX implementation.
Source values stored as floatl6 are promoted to float32 for both original and reconstructed forward
passes. Evaluation mode is retained throughout. The code uses the CPU implementation in Paszke et al.,
2019, version 2.6.0+cpu, with Wolf et al., 2019 version 4.57.1, eager attention, disabled caching, and four
execution threads.



The model has six transformer layers and hidden width 128. We modify the same four internal projection
matrices in every layer, totaling twenty-four matrices and 1,179,648 weights. Input embeddings, output
weights, biases, and normalization parameters remain at their source values. Thus the experimental
resource is a fixed internal-weight reconstruction problem. We do not report a whole-model low-bit
storage size or assume that a small nominal precision for selected matrices describes the much larger
unchanged embedding tables.

Numerical guidance in Higham, 2002 and Goldberg, 1991 motivates preserving arithmetic order and
source precision. All selected matrix values are finite, group scales are positive, and the clipping search
uses the same candidate grid at both budgets. A strict source-state reload precedes each reconstructed
policy, preventing cumulative rounding across evaluations. These controls make the numerical
intervention identifiable, while leaving cross-machine floating-point differences subject to a numerical
reproduction tolerance rather than a universal promise of identical output bytes.

3. Nested text inputs and the separation of local roles

We use the Tiny Shakespeare file identified by Karpathy, 2026, encoded with the captured official
tokenizer through Hugging Face contributors, 2025 version 0.22.1. The complete file produces 340,240
token identifiers, and a full decoding round trip reproduces the input exactly. The small calibration budget
takes its first 512 input tokens. The larger budget takes the first 8,192, including every input in the smaller
set. No special tokens are inserted and no labels are generated for calibration.

Original-model inputs are processed in blocks of 256 tokens, with context reset at each block boundary.
The first budget covers two blocks and the second thirty-two. These are contiguous nested prefixes, not
independently randomized samples from a deployment population. Increasing the budget also changes the
particular text and contexts represented in the estimated moments. The comparison therefore conditions
on one realized prefix ordering. It cannot isolate a universal sample-size effect independently of
calibration composition or source-domain characteristics.

Evaluation begins much later in the file, at zero-based input offset 170,120. It scores sixty-four blocks
with 256 next-token targets each, totaling 16,384 targets. Calibration input positions and evaluation
positions do not overlap locally. Both portions may nevertheless have appeared in the checkpoint's
original pretraining. The validation issues discussed in Roberts et al., 2017 make it important to call this
local role separation rather than certified unseen-language evaluation or independent-domain
generalization.

4. Estimating the original model's input second moments

Before modifying any weights, we attach measurement hooks to the twenty-four selected linear modules.
Each hook accumulates the squared input value for every feature dimension in float64. Dividing by the
number of observed positions yields a diagonal vector of input second moments. Every selected module is
verified to have exactly 512 or 8,192 observed positions at the corresponding snapshot. The smaller
snapshot is copied before further accumulation, so it is not silently overwritten by the larger budget.

These are uncentered second moments, not a full covariance matrix. They retain featurewise scale
information while discarding cross-feature products. Both policies use original-model activations, rather
than recalculating downstream inputs after each preceding layer has been quantized. That restriction
simplifies the experiment but leaves an approximation between the calibration objective and actual
rounded-network behavior. Larger samples can estimate this proxy more faithfully without eliminating
the approximation itself.



Calibration-aware methods in Lin et al., 2023, Xiao et al., 2022, Yao et al., 2022, and Shao et al., 2023
give context for using representative inputs in compression. Our method does not reproduce their
optimization, transformations, or reported results. The post-training setting in Frantar et al., 2022 likewise
supplies a broader motivation, not an implemented benchmark. We state the measured moments and
fitting objective directly so that a useful-sounding label cannot imply a stronger algorithm than the
calculations actually contain.

5. One fixed group search at both budgets

Each selected matrix is partitioned in row-major order into groups of 128 weights, yielding 9,216 groups.
For every group we consider eleven clipping fractions from 0.50 to 1.00 in increments of 0.05. A fraction
multiplies the group's maximum absolute weight before division by seven defines the float32 scale.
Divided weights are rounded and restricted to signed codes from minus seven through seven. Fractions
below one can saturate larger source weights while using a finer scale for the remaining values.

For a candidate fraction, the objective sums squared weight-reconstruction errors weighted by the
corresponding input second moments. Each output row uses the same estimated featurewise importance
vector for its input dimensions. We choose the candidate with the smallest diagonal-weighted objective
for that group; increasing grid order supplies deterministic tie resolution. The objective uses calibration
moments only. Evaluation target losses do not choose fractions, revise the grid, or decide which budget
enters the report.
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Figure 1. Two nested original-model moment estimates fit the same groupwise clipping rule; reconstructed models are
then scored on identical later-file targets.

The eight-bit treatment discussed in Dettmers et al., 2022 and low-rank adaptation in Hu et al., 2022
concern different resource choices. We fit neither an eight-bit comparison nor a trainable low-rank update
in this experiment. The source-valued model remains the numerical reference. The diagram contains
actual input measurement, discrete group fitting, and forward scoring, with no claim about supervised
adaptation, model merging, or the behavior of a target compression method that has not been run.



6. Group changes are observable intermediate outcomes

Moving from the small to the large calibration budget changes 1,215 selected fractions, approximately
13.2 percent of the 9,216 groups. The mean selected fraction changes only from 0.840061 to 0.840473.
These summaries answer different questions: a nearly unchanged average can coexist with many different
group assignments. The number of changed groups is measured directly from the two fitted policies and
does not require defining a successful downstream prediction effect.

The unweighted parameter-space normalized squared errors are 0.008107269 for the smaller-budget
policy and 0.008100711 for the larger-budget policy. They pool squared reconstruction error over the
affected matrices and divide by their pooled source energy. These values are not the diagonal-weighted
calibration objective and are not next-token losses. We do not conclude that one policy must predict better
because this parameter-space summary is slightly lower. Actual forward scoring is needed to examine that
claim.

Agreement perspectives in Bland and Altman, 1986, Lin, 1989, and Koo and Li, 2016 motivate caution
about calling two policies interchangeable merely because their average fractions are close. We do not
calculate an agreement coefficient or reliability statistic for clipping assignments. Measurement reasoning
in Carroll et al.,, 2006 also applies to the estimated importance vectors: they summarize observed
original-model inputs under a chosen text and context rule. They do not reveal an error-free,
domain-invariant measure of parameter importance.

7. Mean loss contrasts on the same evaluation blocks

Every source and reconstructed model scores the same observed next-token identifiers, retaining all
50,304 logits in the probability normalization. There are no generated continuations or task-success labels.
We average paired loss differences within the sixty-four blocks, then estimate their means using
intercept-only ordinary least squares. The primary contrast is larger-budget minus smaller-budget
negative log likelithood. Two accompanying contrasts compare each rounded policy with the
source-valued model.

Covariance is HAC with four available-block lags, a finite-sample correction, and a t reference using
sixty-three degrees of freedom, following the framework in Newey and West, 1987. The
predictive-comparison perspectives in Diebold and Mariano, 1995 and West, 1996 motivate losses paired
on identical target contexts. Heteroskedasticity adjustment in White, 1980 alone would not describe serial
dependence across neighboring text blocks. All three fits contain only a mean, so their R-squared values
are effectively zero and provide no reconstruction-accuracy percentage.

Table 1. Conditional mean next-token loss contrasts in nats per target, with sixty-four paired evaluation blocks.

Model Term Estimate (SE) 95% CI N
Ml Mean outcome/contrast ~ -0.003545 (0.003979) [-0.011496, 0.004407] 64
M1: fit R-squared = 0.0000 - - 64
M2 Mean outcome/contrast ~ 0.503067 (0.013822) [0.475447, 0.530687] 64
M2: fit R-squared = 0.0000 - - 64
M3 Mean outcome/contrast  0.499522 (0.014916) [0.469715, 0.529330] 64
M3: fit R-squared = 0.0000 - - 64



Model labels: M1 = Larger minus smaller calibration budget; M2 = Smaller calibration versus source; M3
= Larger calibration versus source.

These intervals condition on the fitted calibration policies. They do not include the uncertainty of
repeatedly sampling another 512-token prefix, another larger calibration collection, or another pretrained
checkpoint. Language within one text can remain dependent beyond four blocks. We retain the declared
lag rather than implying that a covariance correction establishes independent contexts. The distinction
between evaluation-row variation and calibration-sample variation is central to interpreting a
data-requirement statement.

8. More inputs yield a small uncertain predictive change

The source-valued model has mean evaluation loss 4.717160753 nats. The small-budget rounded model
has mean loss 5.220227938, while the large-budget model has mean loss 5.216683193. The primary
larger-minus-smaller difference is -0.003544745, with standard error 0.003978972 and interval
-0.011496085 to 0.004406596. The point estimate favors the larger budget, but the interval includes both

an improvement and a modest deterioration under the conditional approximation.

The smaller-budget policy increases loss relative to source by 0.503067184 nats, with interval
0.475447056 to 0.530687313. The larger-budget increase is 0.499522440, with interval 0.469714998 to
0.529329881. Both policies therefore retain substantial numerical loss compared with source values.
Sixteen times as many calibration inputs do not come close to eliminating that degradation in this realized
comparison. This statement concerns the observed fitted procedure, not the best achievable four-bit
representation of the checkpoint.

The directional proposition favoring more calibration receives an uncertain rather than decisive result. We
do not translate the interval's inclusion of zero into proof that 512 tokens suffice. An equivalence
conclusion would require a justified practical margin and evidence designed to assess it. Nor do 1,215
changed fractions independently confirm better calibration quality. They establish that the fitting result
responds to the additional inputs, leaving its predictive value to the separately measured loss contrast.

9. A more precise proxy can still leave the main limitation untouched

The diagonal objective ignores correlations among input dimensions and interactions created when
several matrices are reconstructed together. It also relies on source-model inputs rather than the perturbed
network's later activations. These approximations provide possible reasons why a much larger input count
produces little additional benefit. We have not varied them experimentally, so they remain design
limitations and hypotheses for later work, rather than measured explanations of the primary coefficient.

Influence analysis in Cook, 1977 could identify evaluation blocks that contribute most to the budget
contrast, but no difficult block is removed here. Model-selection bias described in Varma and Simon,
2006 would arise if the evaluation losses were used to redesign the clipping grid or choose the reported
budget. We retain both declared budgets and the original grid. The interpretation supported by
Wasserstein and Lazar, 2016 emphasizes the uncertain contrast and persistent source-relative loss rather

than assigning a universal sufficient calibration size from one interval.

Reproducibility concerns in loannidis, 2005 extend beyond repeating the same prefix. Additional
calibration draws, text domains, and model sizes would contribute genuinely new evidence. A different
importance approximation or sequential recalibration procedure would also define a new method
requiring its own test. None of those operations has been completed by measuring more positions from



this single file. The result remains a focused experiment about how one fitted clipping heuristic responds
to a particular nested increase in available inputs.

10. Count inputs, changed decisions, and predictive evidence separately

The completed analysis records three distinct facts: the calibration input count rises sixteenfold, roughly
one eighth of group choices change, and the measured predictive improvement remains small and
uncertain. Keeping those facts separate prevents an attractive intermediate result from becoming an
unsupported data-sufficiency claim. It also shows why a calibration study should retain the source-model
comparison: both fitted policies can remain materially degraded even when one is slightly better than the
other.

Documentation under Gebru et al., 2021 includes the prefix boundaries, context resets, module hooks,
copied moment snapshots, clipping grid, deterministic ties, and absence of certified pretraining separation.
Preservation following Wilkinson et al., 2016 links raw model and tokenizer sources with group choices,
actual per-target losses, and paired block summaries. These materials support reproduction of the reported
budget comparison. Broader advice about calibration size requires further independent evidence and
application-specific loss criteria beyond this local small-model experiment.
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