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Every supervised fine-tuning run forces the same chain of decisions, such as learning rate,
batch size, LoRA or full fine-tuning, how many epochs, which optimiser, and what data to feed
the model. Each of these is typically rediscovered from scratch for every new model and dataset.
Here we measure them under one instrument: a sweep that varies one lever at a time, and spans
dense and mixture-of-experts models in two families (Qwen3 and Llama), on four real-world cus-
tomer SFT datasets, for both LoRA and full fine-tuning. These datasets give a controlled testbed:
each task carries an evaluation built with the customer, and its training data is produced by it-
erative supervised fine-tuning that refines model outputs until they pass that evaluation, so the
supervised target is internally consistent and the task judge we report against is the criterion
the data was built to satisfy. We ask how the optimal learning rate and batch size move with
model scale, family, and data, and whether one selection rule transfers across them; what LoRA
trades against full fine-tuning, and how its rank and α set what the adapter can learn; whether
validation loss (or other metrics, such as loss landscape flatness) faithfully ranks downstream
quality; whether post-training gains scale with model size and data volume, on a model ladder
extended through mixtures-of-experts to 235B parameters; how many epochs to train before gen-
eral instruction-following erodes; and whether a geometry-aware optimiser improves on AdamW.
Each recommendation is paired with a measure of its uncertainty.

1. Introduction

Adapting an open base model to a task is now the dominant way language models reach production,
yet the decisions that govern each supervised fine-tuning run are still made heuristically, as defaults
inherited from pretraining, rules tuned on someone else’s model, or a fresh ad-hoc sweep per job. Here
we aim to replace those ad hoc decisions with controlled measurement on real customer tasks.

We answer one question per section. We sweep dense base models across two families (Qwen3
and Llama 3.1/3.2), plus several mixture-of-experts models as an out-of-architecture test, on four
anonymised customer SFT datasets, for both LoRA and full fine-tuning, holding data, splits, and seeds
fixed so that only the variable under study changes. A run enters the analysis only if it beat its pretrained
baseline on validation NLL under the same masking, and cross-dataset comparisons are reported as im-
provement over that baseline, which removes the token-load confound of absolute loss (§2.4).

The four datasets give a controlled testbed. Each comes from a production task for which we built
a reliable evaluation with the customer, and its training examples are generated by iterative supervised
fine-tuning (O’Neill et al., 2025): a model drafts an output, an evaluator grades it and explains the
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failure, and the draft is refined until it passes, so every training pair already scores well under the task’s
own evaluation. This gives the sweep two properties it would not have on generic data. First, the
supervised target is internally consistent, free of contradictory gold answers or label noise, so a change
in validation NLL reflects the lever under study and not the data. Second, the criterion the data was
built to satisfy is the production judge we score against downstream (§4), which the customer validated.
Appendix C provides more details.

Section 2 calibrates the two levers every run must set, learning rate and batch size. Across 0.6–
32B and both families the optimal LoRA learning rate is flat at 10−3, roughly 33× the full fine-tuning
optimum, and global batch trades loss against cost and has no single best value. The rule transfers
unchanged to a held-out 30B mixture-of-experts, which fine-tunes like a median 8.5B dense model, and
holds the monotone size trend when applied to 80B and 235B. Appendix A measures the wall-clock,
compute, and memory costs behind the batch frontier.

Section 3 varies the adapter the calibration held fixed. Rank adds usable capacity up to about 64
and then plateaus, and α = 32 is the best scale in every cell, so the r = 64,α = 32 default holds; rank
32 is the cheaper setting, giving up at most 0.003 nats.

Section 4 asks when validation loss, the metric every selection here relies on, ranks downstream
quality. Within a fixed (model, dataset, recipe) cell it does (within-dataset-standardised Spearman
−0.38 to −0.88), so selection by loss is sound inside a recipe, but it does not transfer across model
families, and the flatness of the converged minimum, measured by the Fisher trace, adds nothing reliable
at matched loss.

Section 5 asks which post-training resources scale predictably: model size, data counted in examples
or in tokens, and the adapter’s trainable-parameter budget, and whether LoRA and full fine-tuning scale
differently. Its model ladder extends through Qwen3 mixtures-of-experts to 235B total parameters. On
the dense ladders the at-defaults loss follows a saturating power law in size, steeper for full fine-tuning
than for LoRA, and all three MoEs enter the trend at roughly the geometric mean of their active and total
parameters. On Qwen3-4B, 8B, and 14B, tripling fresh examples lowers one-epoch LoRA validation loss
in every experiment; the return is mostly dataset-specific rather than size-specific.

The remaining sections measure other components of post-training. Muon carries a narrow version
of its pretraining advantage into SFT (§6): at a learning rate about 3× below AdamW’s it reaches a
marginally lower validation NLL and a flatter minimum on all four datasets, with judged task quality
even and more general instruction-following retained on the IFEval dataset. Our epoch study (§7) finds
validation loss overfits past about two epochs while judged quality does not improve and instruction-
following erodes, and it separates repeated passes from fresh data: adding examples lowers loss but
does not move the optimal epoch ceiling beyond approximately two.

We make three decisions throughout these experiments. Selections are made on validation NLL, an
assumption §4 tests. Cross-dataset comparisons use improvement over the pretrained baseline rather
than absolute loss. And with four datasets and at most six sizes per family, we quote magnitudes with
uncertainty and treat directions as the reliable findings, with point estimates carrying explicit uncer-
tainty.

2. Learning Rate and Batch Size

Learning rate and batch size are the two decisions that most directly govern the cost and outcome of a
supervised fine-tuning run, and the two most often rediscovered from scratch for each new model and
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dataset. The literature on both is almost entirely about pretraining, so it does not say how the optima
move across model scale, family, adapter choice, and data.

For pretraining, the link between learning rate and batch size is established: the linear scaling rule
ties learning rate to batch size (Goyal et al., 2017); the gradient noise scale predicts a critical batch
size beyond which extra parallelism yields no further step-efficiency (McCandlish et al., 2018); large
sweeps show the optimal learning rate first tracks the batch and then saturates (Shallue et al., 2019;
Smith et al., 2018); and under maximal-update parametrisation the optimum scales roughly as inverse
width (Yang et al., 2021). For fine-tuning, Thinking Machines Lab (2025) report that LoRA’s optimal
learning rate sits about an order of magnitude above full fine-tuning’s and that, tuned correctly, LoRA
matches full fine-tuning, at a single scale. Whether these optima hold across model sizes, families, and
datasets is untested. We therefore sweep learning rate against global batch size for both adapters across
nine models, two families, and four datasets, fit a transferable selection rule, and test it on held-out
families and datasets.

2.1 Experimental setup

We sweep learning rate against global batch size for nine base models in two families (Qwen3 at 0.6B,
1.7B, 4B, 8B, 14B, and 32B; Llama at 3.2-1B, 3.2-3B, and 3.1-8B)1 on four anonymised customer SFT
datasets: security, leasing, support, and docs. Every cell trains 5,000 examples for one epoch under
fixed seeds, splits, and an assistant-only label policy. All nine models share identical grids: LoRA is
the primary arm (rank 64, α = 32, all-linear, AdamW) over global batch {8,16,32, 64} and learning
rate {3×10−5, . . . , 3×10−3}; full fine-tuning (FullFT) is a smaller reference arm over batch {16,64} and
learning rate {3×10−6, . . . , 10−4}. We use a cosine decay schedule.

An experiment (what we refer to as a “cell”) is eligible only if it reached a validation NLL strictly
below the pretrained baseline under the same masking. 970 of the 1,008 planned cells qualify, and every
excluded cell is a LoRA run at the top learning rate 3×10−3 (§2.5); full coverage and token statistics are in
Appendix B. We select learning rates by validation NLL and report cross-dataset results as improvement
over the pretrained baseline, since absolute NLL is token-confounded (§2.4). The “basin” of a cell is the
set of learning rates within 0.01 nats of its optimum.

2.2 The optimal learning-rate law

Following Thinking Machines Lab (2025), we fit the optimal learning rate as a power law in model
hidden size with a multiplier for LoRA over FullFT,

LR = C ·Mtuner ·
�

2000
hidden size

� p+qtuner

, MFullFT = 1, qFullFT = 0, (2.1)

independently in each family (the reference width 2000 is arbitrary and only sets the units of C). Rather
than regress on noisy per-cell argmins, we score a candidate law by the validation loss its predicted
learning rates would incur, interpolating each cell’s loss-vs-learning-rate curve.

1We use Qwen3 rather than a more recent Qwen release because the study needs one family spanning a wide size range:
the small dense models (0.6–1.7B) anchor the scaling axis, and the large models (up to 32B, plus the mixtures-of-experts)
must share that family for the size comparison to stay within-family. Qwen3 covers that ladder; the newer releases do not
offer the same small-to-large dense range. We pick Llama 3.1/3.2 as the second family because its 1B, 3B, and 8B sizes sit
close to Qwen3’s, so the cross-family check is at matched scale.
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Table 1 gives the fitted laws. The most interesting finding was the LoRA exponent: p+q is statistically
indistinguishable from zero in both families, so the optimal LoRA learning rate is flat at 10−3 across the
entire 0.6–32B range and both families (Figure 1). The FullFT optimum sits near 3×10−5, an order of
magnitude lower. The remaining parameters are loosely identified: C and the multiplier M trade off
along a flat valley, and the FullFT exponent is a gentle downward drift in Qwen that the data cannot
distinguish from flat.

The selection rule also transfers. A law fit on one family predicts the other family’s optimal learning
rates to within 0.004 nats of its own law (Figure 2), and the leave-one-dataset-out prediction error is
median 0.0 and 90th-percentile ≈ 0.5 in log10 learning rate. The loosely identified multiplier is the
wrong quantity to transfer (the per-cell discrete-best LoRA/FullFT ratio is ≈33× in both families) but
the predicted learning rate transfers. Committing to a single LoRA learning rate of 10−3 everywhere
costs under 0.01 nats relative to per-cell tuning.

Table 1: The optimal LoRA learning rate is flat in model size. Fitted optimal-learning-rate law per
family (loss-weighted fit; 95% bootstrap confidence intervals in brackets, B = 250 resamples). The LoRA
exponent p+q brackets zero in both families; C (in units of 10−5) and the LoRA multiplier M trade off
in a wide valley and are loosely identified, as is the FullFT exponent p.

Family C (×10−5) MLoRA p (FullFT) p+q (LoRA)

Qwen3 3.9 [3.0,6.2] 26 [16, 33] +0.27 [0.00,0.75] 0.00 [−0.00,0.03]
Llama 3.0 [3.0,3.5] 33 [28,33] +0.00 [0.00,0.97] 0.00 [−0.02,0.01]
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Figure 1: The optimal LoRA learning rate is flat at 10−3 across 0.6–32B in both families, an order
of magnitude above FullFT. Per-cell discrete optima (Qwen •, Llama �) with the loss-weighted law per
tuner and family (solid Qwen, dashed Llama), on the hidden-size axis (left) and the total-parameter axis
(right). Qwen3-14B and 32B share hidden size 5120, which the parameter axis resolves.

2.3 LoRA versus full fine-tuning

Matched on model, dataset, and batch at the shared sizes {16,64}, FullFT is at or below LoRA on
validation NLL in all 72 comparisons. However, LoRA recovers a median 98% of FullFT’s improvement
over baseline (Table 3) while training 3.1–12.6% of the parameters.
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eval Qwen3 eval Llama

fit on Qwen3

fit on Llama

0.0035 0.0036

0.0037 0.0027

mean regret of the law's predicted LR (nats)

1.0 1.2 1.4 1.6 1.8 2.0

LoRA / FullFT discrete-best LR ratio (log10)

Qwen3

Llama

median 33×

law 27×

median 33×

law 33×

prior estimate 9.8×

Figure 2: The selection rule transfers across families. Left: the cross-family transfer matrix; a law
fit on one family incurs almost the same regret evaluated on the other family as on its own. Right: one
point per matched cell; the median discrete-best LoRA/FullFT ratio is ≈ 33× in both families, while the
loss-weighted multiplier each law settles on (open diamonds) differs because the valley is flat.

Global batch is a decision around both loss and cost. At a fixed one-epoch token budget a smaller
batch takes more optimiser steps and reaches lower loss, so ranking by absolute NLL would trivially
favour the smallest batch. Since one-epoch wall-clock is nearly batch-invariant and memory is what
caps the batch (Appendix A), the cost of a small batch is its optimiser steps. The optimal learning rate
is nearly batch-invariant, drifting up only weakly with batch in Qwen (+0.07 dex per doubling for the
smaller models) and not at all in Llama.
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Figure 3: FullFT wins all 72 matched comparisons, but the margins are small. Left: paired best
validation NLL at matched settings across all nine models (Qwen •, Llama �). Right: the fraction of
FullFT’s improvement over baseline that LoRA recovers, coloured by family.

2.4 Dataset composition determines the achievable loss

The design fixes examples and epochs but not tokens: the four datasets differ by 18–23× in assistant
(loss) tokens per example (Appendix B). We found that total tokens sets the achievable loss. Within
each family the pretrained baseline NLL explains almost none of the final NLL (R2=0.01 Qwen, 0.02
Llama) while token load explains most of it (R2=0.58 and 0.61): more tokens give worse absolute NLL
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and smaller improvement over baseline, with identical ordering and sign in both families (Figure 4).
Absolute NLL is therefore not comparable across datasets; we compare improvement over baseline.

A variance decomposition shows the same thing (Figure 5). Dataset identity (here equivalent to
token composition) explains 56–87% of the variance in final NLL and 69–88% in improvement, while
global batch and learning rate together explain almost none (each ≤ 0.07).

However, they do change the optimum, albeit slightly. Dataset explains 16–19% of the variance
in the discrete-best LoRA learning rate (27–33% for FullFT), and the optimum drifts up with token
count, +0.18 dex per decade for LoRA and +0.41 for FullFT after removing model and batch effects,
and the drift survives restricting to non-railed cells (Figure 6). Over our datasets’ ≈ 0.7-decade token
span that is a 1.3–1.4× swing for LoRA (which is small enough that the 10−3 default stays in the basin
everywhere) but a 1.8–2.1× swing for FullFT, enough that token-heavy datasets have a higher full fine-
tuning optimum.

Best achievable NLL falls monotonically with model size on every dataset in both families, and on
a shared total-parameter axis the families interleave: a Qwen and a Llama of similar size reach similar
loss (Figure 7). Achievable loss depends on dataset and scale, with no separate family effect.
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Figure 4: Token load sets a per-token loss floor. More trained tokens give worse absolute NLL (left)
and smaller improvement over baseline (right) in both families (Qwen •, Llama �; colour = dataset).
The families sit at different token counts because their tokenizers differ, but share the ordering.

2.5 High-learning-rate instability

The usable learning-rate range is bounded above by stability. Every run whose validation loss ends
materially above its running minimum sits at the top of the grid (3×10−3), concentrated on the larger
models such as Qwen3-4B through 32B and Llama-3.2-3B (24 of 682 eligible LoRA runs; Figure 8). The
38 excluded cells show the same pattern more strongly: at 3×10−3 the largest Llama, Llama-3.1-8B,
fails to beat its baseline in 16 cells. Larger models have lower optima, so a fixed top-of-grid learning
rate sits furthest above them; the usable ceiling is model-dependent, and the failure mode replicates
across families.
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Figure 5: Dataset composition dominates the loss; batch and learning rate barely move it. Share
of variance (η2) in final NLL, improvement over baseline, and discrete-best learning rate, attributed to
dataset (token composition), model size, global batch, and learning rate (LoRA, per family).
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Figure 6: The optimal learning rate drifts up with token load, about twice as steeply for FullFT as
for LoRA. Discrete-best learning rate, relative to its model×batch mean so only the cross-dataset signal
remains, against tokens per example, pooled over both families (Qwen •, Llama �; colour = dataset),
for LoRA (left) and FullFT (right).
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Figure 7: The families interleave on a shared parameter axis. Best loss (left) and improvement over
baseline (right) against total parameters (Qwen •, Llama �; colour = dataset) follow the same within-
dataset trend regardless of family.
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Figure 8: Every unstable run sits at the top learning rate, and the larger models destabilise first.
End-of-training instability (val_last− val_min) against learning rate for LoRA (colour=model, Qwen
• / Llama �).
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2.6 Learning-rate schedule

The foundation sweep used cosine decay. To test whether that schedule is merely incidental, we reran
Qwen3-8B LoRA on the same 5,000-example, one-epoch setup with the same rank-64, α = 32 adapter,
but used a constant learning rate. The matched grid covers security and leasing at global batch {8,16,32}
and learning rate {10−4, 3×10−4, 10−3, 3×10−3}, comparing each constant run to its cosine-scheduled
counterpart.

Constant learning rate is useful only when the chosen learning rate is too low. At 10−4 it improves
all six matched cells by a mean 0.0175 nats; at 3×10−4 it is effectively tied (mean 0.0019 nats better,
with mixed signs). At the calibrated 10−3 LoRA default, cosine wins all six cells by a mean 0.0448 nats.
At 3×10−3 the distinction is no longer a small optimisation choice but a stability issue: constant runs
end 1.7–5.0 nats above their best checkpoint, and the final loss is worse than cosine by a mean 2.03
nats even when a mid-training checkpoint briefly looks competitive.
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Figure 9: Constant learning rate helps below the tuned LR but destabilises the high-LR edge. Left:
best-checkpoint validation NLL difference, constant minus cosine, on the two complete matched datasets.
Negative values favour constant. Right: end-of-training gap (val_last − val_min) at 3×10−3, where
cosine acts as the stability guardrail.

2.7 Out-of-architecture transfer: mixtures-of-experts

The results so far are all dense transformers. As a held-out architecture test we apply the rule to three
Qwen3 mixtures-of-experts. Qwen3-30B-A3B-Instruct-2507 (hidden size 2048 as Qwen3-1.7B; 48 lay-
ers, 128 experts, 8 active; 30.5B total, 3.3B active) gets the full sweep, reusing the datasets, splits, label
policy, and LoRA grid, with FullFT over batches {16, 64} and a grid shifted to {3×10−6, . . . , 10−4}, and
never enters the law fits; 79 of its 80 LoRA cells and all 32 FullFT cells are eligible, and rank-64 all-
linear LoRA adapts every expert, training ≈2.6B parameters (8.4% of total). The dense selection rule
transfers: the flat 10−3 LoRA rate is the discrete best in 13 of 16 (dataset, batch) cells at a mean regret
of 0.0011 nats, below the dense families’ own 0.0026 (Figure 10); the FullFT optimum is 3×10−5 in six
of eight cells, matching the dense law’s 3.8×10−5 prediction at a cost of 0.0050 nats (dense 0.0052);
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LoRA retains 97–100% of FullFT’s improvement; and instability appears only at 3×10−3. Inverting the
dense best-loss curve at the MoE’s loss (Figure 11) puts its dense-equivalent size at a median 8.5B, far
above its 3.3B active count and close to the geometric mean of active and total (10.1B), so the 30B-
A3B reaches roughly 8B-dense quality at a 3B active cost. The defaults then transfer blind to two larger
models. Qwen3-Next-80B-A3B-Instruct interleaves gated-DeltaNet and gated-attention layers (3:1 over
48 layers)2 with 512 experts (79.7B total, 3.3B active); one blind LoRA cell per dataset at the dense
defaults beats the tuned 30B on three of four datasets and falls below the dense 32B best on the two
token-heavy ones, so its dense-equivalent rails at the top of the ladder, while rank-64 all-linear LoRA
here trains ≈8.9B parameters (11.2% of total); its FullFT cells, first mistuned at 10−4 (2.6× above the
rule), match LoRA to within 0.003 nats once moved to the on-rule 4×10−5. Qwen3-235B-A22B-Instruct
(235.1B total, 22.2B active) gets the same blind treatment, its LoRA cells eligible and lower-loss than
the 80B on three of four datasets, continuing the monotone size trend, with FullFT at 4× 10−5 within
0.002–0.016 nats of LoRA. Where the three MoEs sit on the dense size law, and the geometric-mean
placement that fits all of them, is taken up in §5.1.
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Figure 10: The dense selection rule transfers to the MoE, for both tuners. Validation NLL against
learning rate for Qwen3-30B-A3B, one panel per dataset, one line per global batch (LoRA solid, FullFT
dashed). The dashed vertical line is the dense LoRA default 10−3; the dotted line is the dense law’s
FullFT prediction at hidden size 2048; × marks grid-edge optima.

3. LoRA Hyperparameters: Rank and Alpha

The foundation sweep held the adapter fixed (rank 64, α = 32, all-linear) and tuned only the learning
rate and batch. This section varies the adapter itself. Rank and α are not independent: the standard
α/r scaling shrinks the effective update as rank grows, which collapses gradients at large rank unless
corrected to α/

p
r (Kalajdzievski, 2023); the optimal learning rate can move with rank; and full fine-

tuning learns updates of 10–100× higher rank than typical adapters (Biderman et al., 2024), while
Zhang et al. (2024) report that adding rank barely moves the loss at all. We sweep rank against α at
fixed model, data, and learning-rate policy to test whether rank adds capacity these tasks can use, and
whether α does anything beyond rescaling the learning rate.

2The LoRA cells use the same all-linear target as the dense runs, so rank-64 adapters sit on every linear projection in the
model: the query, key, value, and output projections of the 12 gated-attention layers; the fused input projections (qkvz and
the beta/alpha projection) and the output projection of the 36 gated-DeltaNet layers; and the gate, up, and down projections
of all 512 routed experts and the shared expert in each of the 48 MoE blocks. The non-linear parts of the DeltaNet path, its
short causal 1D convolution and its gating and normalisation, are not adapted, since all-linear matches only linear layers.
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Figure 11: All three MoEs fine-tune like dense models well above their active size on the token-
heavy tasks: the 30B at a median 8.5B, the 80B and 235B at or beyond the dense 32B on security
and docs. Left: dense Qwen3 best-NLL-vs-parameters curves (colour = dataset) with each MoE placed
at its dense-equivalent size (30B-A3B diamonds, Next-80B triangles, 235B-A22B pluses; open markers
are railed lower bounds); the faint horizontal guides span each MoE’s active to total parameters at its
loss. Right: the per-dataset equivalent sizes against each MoE’s three candidate placements (active 3.3B
for the 30B and 80B, 22.2B for the 235B; totals 30.5B, 79.7B, and 235.1B).

3.1 Experimental setup

The sweep uses Qwen3-4B and Qwen3-8B. We train on two datasets, leasing and docs, with 5,000
examples for one epoch under the same assistant-only masking, split policy, and no-truncation context
filter used in §2. The learning rate is fixed at 10−3, the global batch is fixed at the foundation optimum
for each dataset (8 for leasing, 16 for docs).

The rank sweep holds α = 32 and uses ranks 8, 16, 32, 64, and 128; the alpha sweep holds r = 64
and uses α= 16, 32, and 64. The shared anchor is the foundation default, r = 64,α= 32. All cells use
all-linear LoRA, zero dropout, standard LoRA scaling (α/r), and AdamW. We report losses both against
the pretrained baseline and against the anchor within the same model–dataset pair, so the readout is
about the adapter geometry rather than dataset difficulty.

The question here is whether the default adapter should stay at r = 64,α= 32, or whether a cheaper
or larger rank or a different scale reliably lowers validation loss at the same data budget.

3.2 Rank eventually plateaus

The rank response is consistent across both datasets and both model sizes (Figure 12). Rank 8 is too
small: at α = 32 it is 0.006–0.010 nats worse than the r = 64,α = 32 anchor. Rank 16 is still 0.003–
0.006 nats worse. Rank 32 closes most of the gap, coming within 0.0009–0.0028 nats of the anchor
while using about half the trainable parameters (2.25% rather than 4.40% on Qwen3-4B, 1.56% rather
than 3.07% on Qwen3-8B).

The plateau starts at rank 64. Rank 128 is the best validation-loss cell in three of the four model–
dataset pairs, but only by 0.0004–0.0008 nats; on Qwen3-8B/leasing it is slightly worse than rank 64
by 0.0004 nats. That extra rank roughly doubles the trainable parameter fraction relative to the anchor
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(4.40%→ 8.43% for 4B and 3.07%→ 5.96% for 8B). For this one-epoch, 5k-example regime the useful
capacity threshold is therefore around r = 64, not r = 128.
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Figure 12: Rank helps until about 64, then mostly saturates. Validation NLL relative to the r =
64,α = 32 anchor, with α = 32 fixed. Rank 8 and 16 are clearly under-capacity, rank 32 is close, and
rank 128 only gives sub-0.001 gains in three of four cells.

3.3 Alpha sets the update scale

At fixed rank 64, α = 32 is best in every comparison (Figure 13). Lowering to α = 16 hurts by 0.0022–
0.0082 nats, with the largest penalty on leasing. Raising to α= 64 also hurts, but less, by 0.0009–0.0037
nats. Thus, at the optimal learning rate of 10−3, changing α does not reveal a better scale; it just moves
the effective adapter step away from the best point.

This also explains why the rank result does not endorse arbitrarily higher rank under standard LoRA
scaling. With α fixed, the LoRA multiplier α/r shrinks as rank grows, while the parameter count rises
linearly. The observed curve says that the added capacity from 8→ 64 outweighs the smaller multiplier,
but by rank 128 the remaining loss improvement is too small to justify changing the default without a
downstream reason.

Note that we did not sweep learning rate jointly with rank, did not run a rank-stabilised LoRA variant,
and did not run downstream evaluations for these cells.

4. Predicting Downstream Performance from Loss

Every selection in this report is made by validation loss. That is legitimate only if loss ranks what we
care about: performance on our curated customer-task evaluations. This section tests the assumption
directly.

The literature supports loss as a predictor, with limits. Downstream performance is largely a function
of loss rather than of size or compute (Du et al., 2024), much apparent “emergence” dissolves under
smooth metrics (Schaeffer et al., 2023), and aggregate downstream error is reliably predictable from
loss (Gadre et al., 2024; Owen, 2024; Saunshi et al., 2021). But per-task predictability is far noisier
than the aggregate (Owen, 2024; Lourie et al., 2025), the task metric can worsen while cross-entropy
falls under distribution shift (Isik et al., 2024), and Liu et al. (2023) exhibit models at identical loss with
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Figure 13: At rank 64, α = 32 is the best observed scale in all four cells. Validation NLL relative to
the r = 64,α= 32 anchor. Both lower and higher alpha move away from the optimum at the fixed 10−3

learning rate.
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Figure 14: The best observed cells barely improve on the rank-64 default, while rank-128 roughly
doubles adapter size. Left: validation NLL of the best observed rank/alpha setting relative to r =
64,α= 32 for each model–dataset pair. Right: trainable parameter fraction for the anchor (open marker)
and best observed cell (filled marker).
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different downstream accuracy, attributing the gap to the optimiser’s implicit bias toward flat minima,
a bias whose strength scales with the learning-rate-to-batch-size ratio (Li et al., 2022; Damian et al.,
2021; Smith et al., 2021), the two levers swept in §2.

We therefore measure two quantities per run: the validation loss we already select on, and the
flatness of the converged loss, summarised by the Hessian trace. At a well-fit minimiser that trace equals
the trace of the Fisher information: the expected squared gradient norm of a single sampled-token log-
probability, computed with one backward pass per sample and no second derivatives (Appendix H). The
known failure modes of sharpness measures (Andriushchenko et al., 2023; Granziol, 2020; Dinh et al.,
2017; Li et al., 2025) are handled by design: the trace is read within matched learning-rate and batch
cells so recipe effects cannot confound flatness, LoRA curvature is reported as subspace curvature, and
flatness is reported alongside loss.

Design. For every eligible run we record validation NLL, the Fisher-trace flatness of the trainable
parameters, and graded performance on the held-out customer-task evaluations. We ask three questions:
does validation loss rank downstream quality within (model, dataset) groups; does flatness explain the
residual among runs at matched loss; and does the measured trace move with batch and learning rate
as the implicit-bias theory predicts. The flatness hypothesis is falsified if, at matched loss, the trace adds
no ranking information.

We have 896 cell-by-task pairs across the 224 cells. Within matched (model, dataset, recipe) cells,
validation loss ranks judged quality on both models and tuners (within-dataset-standardised Spearman
ρs from −0.38 to −0.88). The Fisher trace falls with the learning-rate-to-batch ratio as the implicit-bias
account predicts, yet at matched loss it adds no reliable ranking and is not consistently signed, so the
flatness hypothesis is not supported at the fine-tuned scale.

4.1 Calibrating the instruments on base models

Before the fine-tuned grid is scored, we calibrate both measurements on the nine base models. Each
dataset has its own production evaluation: an LLM-judged instruction-following pass rate (support),
a judged critical-error pass rate (leasing), a graded markup-and-writing score (docs), and a findings-
comparison micro-F1 (security). We serve every base model at the full 40,960-token context, regenerate
the final assistant turn of the first 200 canonical-test rows per dataset, and grade with GPT-5.5 under
each dataset’s judge. On the same 200 rows we compute each base model’s test NLL through the identi-
cal forward-pass and label-masking path that produces every validation loss in this report, and its Fisher
trace: 64 single-backward samples of the squared gradient norm of a sampled-token log-probability (Ap-
pendix H). Note that base models are nowhere near the well-fit regime in which the Bartlett identity
turns this into a Hessian trace; and on a fresh base load every parameter carries gradients, so the trace
is full-parameter here versus LoRA-subspace for the fine-tuned runs to come.

Within each family, scores rise near-monotonically with scale on all four tasks (Figure 15), so the
evaluations rank models well below the quality range fine-tuning will occupy.

The loss–eval calibration splits along family lines (Figure 16). Pooling all nine models the correlation
is weak (−0.35 after within-dataset standardisation), but within each family it is negative on every
dataset, so the near-zero aggregate is a family-mixture effect rather than an absence of signal. Llama
reaches lower NLL than Qwen at matched size on the agentic datasets while scoring lower with the
judges, so fit-to-text and judged behaviour separate, and any loss-based selection that crosses families
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Figure 15: The production judges resolve base-model quality before any fine-tuning. Eval score
against total parameters per dataset (Qwen •, Llama �).
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with model scale), with a least-squares fit per family (Qwen solid, Llama dashed) and Spearman ρs

pooled and per family. Llama fits rest on three models, so its ρs is nearly degenerate and shown for
completeness.

inherits that gap. With six and three models per fit these are indicative; the fine-tuned grid re-runs the
same pipeline with hundreds of runs per dataset.
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Figure 17: The base-model Fisher trace ranks judged quality across both families at once. Eval score
against the per-parameter Fisher trace on the same 200 rows (log axis; Qwen •, Llama �; light→ dark
with model scale), least-squares fit per family (Qwen solid, Llama dashed) and Spearman ρs pooled and
per family. Full-parameter scope; 16 examples × 4 probes per cell.

The Fisher trace is the stronger of the two calibrations (Figure 17): lower trace accompanies higher
judged quality on every dataset (−0.90 pooled, against −0.35 for test NLL), and Qwen and Llama sit on
one common trend rather than splitting by family. The caveat matters: across bases the per-parameter
trace is strongly size-correlated (ρs = −0.95 with total parameters), so the −0.90 largely re-expresses
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scale, and regressing out size leaves a partial of only ρs ≈ −0.15. The fine-tuned grid resolves this by
fixing model size: at matched loss within a (model, dataset, recipe) cell, does the trace still rank the
judges’ verdicts?

4.2 The fine-tuned grid

The grid tests the within-recipe question the base models could only anchor. We score the 224 completed
foundation cells (Qwen3-8B and Llama-3.1-8B, LoRA and full fine-tuning, across the swept learning
rates and batch sizes) on each dataset’s production judge, in-domain, regenerating the final assistant
turn of the same 200 canonical-test rows used for the base calibration. For every cell we read its final
test NLL on those rows and re-measure the Fisher trace to be base-comparable: 16 examples × 4 probes
= 64 single-backward samples, on the test split, over the trainable parameters (the LoRA adapter for
adapter runs, the full model for full fine-tuning; Appendix H). Holding (model, dataset, tuner) fixed
and sweeping learning rate and batch isolates the matched-loss question. We standardise eval, loss,
and trace within each (model, dataset) cell-set and pool the z-scores across the four in-domain datasets
per (model, tuner) group, so datasets on different metric and loss scales contribute on one footing. Four
divergent docs cells at the largest learning rate (10−3) generate non-terminating output past the 20%
judge-error gate and are excluded, leaving 220 in-domain pairs.

−1 0 1 2

test NLL (within-dataset z)

−1

0

1

ev
al

 s
co

re
 (w

it
hi

n-
da

ta
se

t 
z) Llama-3.1-8B FullFT

(ρs = -0.67)

0 1 2 3

test NLL (within-dataset z)

−3

−2

−1

0

1 Llama-3.1-8B LoRA
(ρs = -0.65)

−1 0 1 2

test NLL (within-dataset z)

−2

−1

0

1
Qwen3-8B FullFT
(ρs = -0.38)

0 2 4

test NLL (within-dataset z)

−4

−3

−2

−1

0

1 Qwen3-8B LoRA
(ρs = -0.88)

security
leasing
support
docs

Figure 18: Within a recipe, lower validation loss ranks higher judged quality on both models and
tuners. Eval score against test NLL, each standardised within its (model, dataset) cell-set and pooled
across the four in-domain datasets (colour = dataset), per (model, tuner) group with a pooled least-
squares fit and within-dataset-standardised Spearman ρs. Each point is one learning-rate×batch cell.

Validation loss ranks judged quality within every recipe (Figure 18). The within-dataset-standardised
Spearman is negative in all four groups, from −0.38 on Qwen3-8B full fine-tuning to −0.88 on Qwen3-
8B LoRA, with Pearson r between −0.50 and −0.96. The per-dataset splits agree on 14 of the 16 (group,
dataset) cells; the two exceptions are Qwen3-8B full fine-tuning on leasing and support, where eight
cells span a narrow loss range and the rank correlation is near zero (+0.13). With 32 cells per full-fine-
tuning group and 78 per LoRA group, the within-recipe relation the nine bases could only suggest now
holds: at fixed model, dataset, and tuner, lower validation loss accompanies higher judged quality, so
selection by loss is sound inside a recipe.

At matched loss the Fisher trace adds no reliable ranking (Figures 19 and 20). Pooled within each
group it is weaker than loss throughout and its sign is not stable, turning positive for Llama-3.1-8B full
fine-tuning. A flatness measure carrying matched-loss information would rank eval in one direction
across groups and at least as well as loss; the trace does neither. This is the falsification condition set in
the design (§4): within a recipe, the converged-minimum trace does not explain the residual in judged
quality at matched loss.
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Figure 19: At matched loss the Fisher trace does not rank judged quality. Eval score against the base-
comparable per-parameter Fisher trace, standardised and pooled as in Figure 18. The slope is weaker
than for loss in every group and positive for Llama-3.1-8B full fine-tuning, so flatness adds no ranking
information among runs at matched loss.
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Figure 20: Loss is the reliable within-recipe predictor; the trace is not. Within-dataset-standardised
Spearman ρs against eval score for validation loss (graphite) and the Fisher trace (green), per (model,
tuner) group. Loss lies left of zero in every group; the trace is weaker throughout and crosses to the
wrong side of zero for Llama-3.1-8B full fine-tuning.

The contrast with the base calibration explains the reversal. The base trace’s apparent edge was
largely model size; fixing model and recipe removes the size axis, and the trace’s ranking disappears
while loss’s persists. The trace remains a real flatness measure and moves as the implicit-bias account
predicts (Liu et al., 2023): it falls with the learning-rate-to-batch ratio, strongly for full fine-tuning and
weakly for LoRA, the ratio theory ties to flat-minima selection (Li et al., 2022; Smith et al., 2021). That
dependence does not reach the judges, so for selection within a recipe validation loss is the measurement
to use and the trace adds nothing reliable on top of it.

4.3 Flatness tracks general-capability transfer

The matched-loss test above scores the trace against in-domain quality. Liu et al. (2023) make a nar-
rower claim: among models at the same pre-training loss, produced by interventions that change the
solution while holding loss fixed (continued training, a larger model, a different algorithm), flatter min-
ima transfer better. A learning-rate and batch sweep at a fixed base reproduces neither the matched-loss
construction nor the transfer target, so a within-recipe null does not bear on it. Recut against transfer,
the link appears (Figure 21). At genuinely matched loss, in-domain cell pairs within 0.01 nats, the
flatter cell has the higher eval in 57–77% of pairs (Qwen3-8B FullFT 17/22, p ≈ 0.008), so the pooled-
correlation null above is partly a smoothing artefact, though the in-domain effect stays weak. Across
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the epoch sweep (§7), standardised within each (model, arm, dataset), a higher trace tracks lower gen-
eral capability (trace–IFEval partial ρs = −0.19 at fixed loss) but higher in-domain task score (+0.34),
so sharper minima accompany higher in-domain score and flatter minima higher general capability.
The optimiser change, the algorithm intervention of Liu et al. (2023), is the clearest test: across the
eight validation-NLL-selected Muon and AdamW checkpoints the per-parameter trace ranks IFEval at
ρs = −0.71 (loss gives −0.36), with Muon flatter and higher on IFEval on all four datasets. The flatness
probe adds nothing to loss for selecting learning rate and batch on in-domain quality, but it does track
the general capability a fine-tune retains, most clearly when the optimiser changes.
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Figure 21: Flatness tracks retained general capability rather than in-domain quality. Left: across
the eight validation-NLL-selected Muon (green) and AdamW (rose) checkpoints, IFEval rises as the per-
parameter Fisher trace falls (ρs = −0.71); each line joins a dataset’s pair, flatter and higher for Muon.
Right: across the epoch sweep, standardised within (model, arm, dataset), a higher trace accompanies
lower IFEval (green) but higher in-domain task score (graphite).

5. Scaling Trends in Post-Training

Pretraining obeys clean power laws in parameters, data, and compute (Kaplan et al., 2020; Hoffmann
et al., 2022; Bahri et al., 2024). Post-training has no single such law because it has several axes at once:
base-model size, supervised-data volume, the adapter’s trainable-parameter budget, and (a distinction
pretraining can ignore) whether data is counted in examples or in tokens. §2 showed best NLL falling
monotonically with model size in both families, but we could not fit a law with such a small number
of points. This section asks which post-training resources scale predictably on our grid, and how far
any fit can be trusted. To do so, we include larger models, with three Qwen3 mixtures-of-experts (30B-
A3B, Next-80B-A3B, and Qwen3-235B-A22B, §2.7), which raises a question the dense ladder avoids:
whether an MoE enters a fit at its total parameters, its active parameters, or its dense-equivalent size
(median 8.5B for the 30B-A3B; at least 32.8B on two datasets for the 80B).

Zhang et al. (2024) fit the closest prior law: fine-tuning loss decays as a power law in a model-side
factor and in example count, with model size scaling far more steeply than data. If that holds here, a
larger base model is worth more than additional labelled examples. They also report that LoRA rank
barely scales; we treat that as open, since the standard α/r convention collapses gradients at large rank
(Kalajdzievski, 2023) and full fine-tuning learns far higher-rank updates (Biderman et al., 2024); §3
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takes this up. The unit question is the §2.4 token floor restated: our datasets differ 18–23× in trained
tokens at fixed example count, so an exponent fit in examples and one fit in tokens need not agree.

Few-point fits also need care. The estimation literature puts the safe minimum near five sizes
(Choshen et al., 2024), regime breaks are undetectable with few points (Caballero et al., 2023), and
tight confidence intervals are unattainable (Besiroglu et al., 2024). One historical hazard is avoided by
construction: every cell uses its own calibrated learning rate and batch (§2), so the exponents are not
artefacts of mistuning the larger models (Porian et al., 2024).

Design. The size-trend fit uses the Qwen3 ladder (≥ 5 sizes; Llama’s three serve as a transfer check),
quoting ranges. LoRA and FullFT are fit separately, testing whether the 98% retention of §2 widens or
closes with scale. MoEs (30B-A3B, Next-80B-A3B, and 235B-A22B) enter at three candidate placements
(total, active, and geometric mean) and fit quality adjudicates between them. The data axis is measured
as a minimal Qwen3 size-by-data interaction grid: LoRA at the calibrated 10−3 learning rate and global
batch 8, with 5k, 10k, and 15k one-epoch examples on Qwen3-4B, 8B, and 14B for leasing and security.
That grid tests whether the local return to fresh examples changes with model size, but it still does not
separate examples from tokens within a dataset.

5.1 The model-size trend on the dense ladders

The size axis is measurable now. The ladder takes one point per model: the eligible cell at the §2
defaults (LoRA 10−3, FullFT 3×10−5, global batch 16), fixed across families, so the fit describes what
the recommended recipe achieves as size grows. The choice costs little: against an oracle over the
learning-rate grid at the same batch, the defaults give up a mean 0.0008 nats for LoRA and 0.0048 for
FullFT. Per dataset we fit a saturating power law L(N) = L∞ + AN−α in total parameters on the six
Qwen3 sizes, with pairs-bootstrap 95% intervals (B = 1,000); Llama’s three sizes are scored against the
fit, never used in it.

Figure 22 shows the fits and Table 4 lists their parameters. Loss falls as a saturating power law in size
on every dataset, with a LoRA exponent of 0.31–0.40 and a steeper FullFT exponent of 0.40–0.51, both
with wide intervals at six points. The steeper FullFT decay restates the §2 retention result as a trend:
the FullFT-minus-LoRA gap at matched defaults narrows from a mean 0.008 nats at 0.6B to 0.003 at
32B, so LoRA’s 98% retention closes with scale. The fitted floors track token load (the §2.4 effect). The
FullFT exponents are read as ranges, since the support exponent moves from 0.51 to 0.33 when re-fit
on the oracle learning rate. Scored against the fit, Llama sits slightly above the Qwen fit at matched
parameters (23 of 24 residuals positive, most at 1B), an offset expected from its different tokenizer; the
size trend holds.

Scoring each MoE’s at-defaults loss against the dense fit at three a-priori placements (active, to-
tal, and their geometric mean) adjudicates which size an MoE fine-tunes like. The geometric mean
minimises the mean absolute residual for every MoE under both tuners, at 0.016–0.022 nats against
0.021–0.073 for the active and total placements, and the pattern now holds up to the 235B-A22B (Fig-
ure 23). Two caveats: the 235B geometric-mean and total sizes extrapolate beyond the 0.6–32B fitting
range, and its FullFT cells sit at the closest observed 4×10−5 rather than the 3×10−5 rule. On a dense
size trend, an MoE sits at roughly the geometric mean of its active and total parameters.
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Figure 22: At the fixed defaults, loss falls as a saturating power law in size, more steeply for FullFT
than for LoRA. Validation NLL at the §2 defaults against total parameters, one column per dataset (top
LoRA, bottom FullFT): Qwen3 points with the fitted curve and its bootstrap band; Llama squares are
scored against the fit, never used in it; the dotted line is the fitted floor L∞.
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5.2 Size by data: the return to fresh examples is dataset-specific

The fixed-8B arm showed that fresh examples lower the loss, but it left a serious ambiguity: maybe
additional data is only useful at one model size. The smallest interaction test adds the missing Qwen3-
4B and Qwen3-14B cells around the existing Qwen3-8B rows, holding the LoRA recipe fixed (10−3,
global batch 8, one epoch) and varying only fresh examples on leasing and security. This is still not a
full scaling law in Nmodel and Ndata; it is a local interaction check over the sizes and data volumes the
report can measure densely.

The example return is nearly parallel across sizes. Tripling fresh examples from 5k to 15k lowers
validation NLL by about 20% at all three sizes on leasing and about 8% on security; across the six
model–dataset curves the median gain is 14.4% (Figure 24). The absolute loss drops with size while
the fractional gain does not, so the fractional gain is size-independent. The dominant modifier is the
dataset: leasing recovers about a fifth of the remaining NLL from tripling examples, security under a
tenth. Examples and tokens stay confounded within a dataset, since token counts scale almost linearly
with examples. When filtered in-domain examples exist, spend them before repeating data, and expect
a dataset-specific gain that is stable across nearby Qwen3 sizes.
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Figure 24: Fresh examples help at 4B, 8B, and 14B; the size interaction is small relative to the
dataset effect. Validation NLL is normalised to each model–dataset cell’s 5k value. Lines are Qwen3
LoRA runs at the calibrated 10−3 learning rate and global batch 8, trained for one epoch on 5k, 10k, and
15k examples.

6. Optimisers

AdamW is the standard optimiser for language-model training, a per-coordinate method: each scalar
parameter is rescaled by its own running second moment, so a weight matrix is treated as a collection
of scalars whose structure the update never sees. Structure-aware optimisers argue instead that trans-
former weights should be preconditioned as matrices. This section asks whether the most prominent
of them, Muon, carries its pretraining advantage into SFT, where the update is small and, for LoRA,
confined to a low-rank subspace.

Shampoo maintains Kronecker-factored preconditioners per tensor axis (Gupta et al., 2018); SOAP
runs Adam inside Shampoo’s eigenbasis (Vyas et al., 2024); Muon (Jordan et al., 2024) orthogonalises
each 2D update by Newton–Schulz iteration, which is steepest descent under the spectral norm (Bern-
stein and Newhouse, 2024) (Appendix I makes the equivalence precise). Whether these methods are
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equivalent was debated in public in June 2026, in the Jordan–Anil “is Muon just Shampoo” exchange
(Jordan, 2026; Anil, 2026); the conclusion was that the abstract preconditioner does not fix behaviour
(momentum, accumulation, and implementation do), so we document the implementation we use in
Appendix I. At pretraining scale the evidence favours Muon: with weight decay and a matched update
scale it trains multi-billion-parameter models at roughly twice AdamW’s compute efficiency (Liu et al.,
2025), expands the compute–time Pareto frontier (Essential AI, 2025), and is used in frontier pretraining
recipes such as the Kimi K2 line. Whether any of this survives the small-update SFT regime is untested.

Design. AdamW versus Muon at matched (model, dataset, global batch) on the same Megatron stack,
selecting by validation NLL as in §2. Muon orthogonalises each 2D weight update, so the natural test
is full fine-tuning; we run Qwen3-8B on all four datasets at global batch 16 for one epoch and leave
the low-rank adapter case to future work. Each optimiser gets its own learning-rate grid, since Muon’s
update scale is not Adam’s: the AdamW arm reuses the §2 FullFT grid (3×10−6 to 10−4) and the Muon
arm sweeps 10−6 to 3× 10−4.

Muon’s best validation NLL is at or below AdamW’s on every dataset, by at most 0.012 nats, and it
reaches that minimum at a learning rate about three times lower (Figure 25). The two arms therefore
need separate grids: transferring AdamW’s rate to Muon sits well past its optimum. Muon’s frontier is
also steeper: above its optimum the validation NLL climbs quickly while AdamW stays flat across the
grid, so its loss advantage is narrow and available only when the rate is tuned down; at their best rates
the two arms otherwise track near-identical loss trajectories (Figure 42).

At the loss-selected checkpoint Muon reaches a flatter minimum on every dataset, with a per-parameter
Fisher/Hessian trace lower than AdamW’s by a factor of 1.2 to 2.8 (Figure 26; §4, App. H, test split,
16×4 samples). At the fine-tuned scale loss ranked judged quality and the trace did not (§4), so this is
a property of the Muon solution, not usable for selection.
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Figure 25: Muon’s loss optimum sits about 3× below AdamW’s and its frontier is far steeper.
Validation NLL against learning rate per dataset, AdamW (rose) and Muon (green), with each arm’s best
cell ringed. Muon is best at the low end and degrades sharply above its optimum; AdamW is flatter
across the grid.

Deploying each arm’s validation-NLL-selected checkpoint on the in-domain production judge (200
canonical-test rows) and on IFEval separates task quality from general capability (Figure 27). On the
task judge the two arms are level, a mean difference of 0.015 within the judge’s resolution at 200 rows,
so the lower loss and flatter minimum do not improve judged task quality. On IFEval Muon scores higher
on all four datasets, by a mean of 0.09: the arm that reaches the flatter minimum retains more general
instruction-following at matched task training, the consequence the flatness probe of §4 anticipated.
This is one checkpoint per arm, so the task-judge result is read as no large effect rather than exact
parity.



EPOCHS 23

10−62 × 10−7 3 × 10−74 × 10−7 6 × 10−7

per-parameter trace at the loss minimum

security

leasing

support

docs

AdamW
Muon

Figure 26: Muon’s loss minimum is flatter than AdamW’s on every dataset. Per-parameter
Fisher/Hessian trace at the loss-selected checkpoint (test split, 16×4 samples, log axis), AdamW versus
Muon; Muon is lower by a factor of 1.2 to 2.8.
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tains more general instruction-following. In-domain production-judge score (200 canonical-test rows,
left) and IFEval strict accuracy (right) for each optimiser’s validation-NLL-selected Qwen3-8B FullFT
checkpoint, AdamW (rose) versus Muon (green). On the task judge the two are level; on IFEval Muon
is higher on every dataset.

7. Epochs

Data volume is usually fixed by what exists, so the remaining axis is how many times to traverse it.
Two tensions set the optimum: more epochs reduce task loss while repeated tokens lose value (Muen-
nighoff et al., 2023), and at some point general instruction-following starts to erode, a cost that matters
whenever the task instructions might change after deployment.

Design. An epoch sweep at the §2-calibrated learning rate and batch per (model, dataset), tracking
validation NLL, the downstream judge, and IFEval strict prompt accuracy (Zhou et al., 2023), with the
data-constrained law of Muennighoff et al. (2023) as the reference for how repeated tokens decay. Each
of 1, 2,4, 8 epochs is a separate run with the full warmup-and-decay schedule, and the trained task is
scored alongside the other three to read cross-task transfer. The grid is the two 8B models for LoRA and
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full fine-tuning, with a Qwen3-1.7B arm below 8B; a larger-data LoRA follow-up on the two 8B models
(leasing, docs, security) separates fresh examples from repeated passes.

One split is between the metric we select on and the one we care about (Figure 28). At 5,000
examples, validation NLL reaches its minimum by about two epochs and then rises monotonically to
eight in every cell we ran (both 8B families, both tuners, all four tasks), by 40–120% on the harder
tasks, and harder still on the smaller Qwen3-1.7B. The judged task score over those same checkpoints
does not follow the loss up: it holds or rises through eight epochs on both arms. Selecting epochs by
validation loss would stop around two, while the production judge rates the eight-epoch checkpoint as
good or better. This restates the §4 divergence on the epoch axis and cautions against early-stopping
on validation loss alone.

1 2 4 8

epochs

1

2

5

10

20

base

validation NLL (relative to best)

1 2 4 8

epochs

0.0

0.2

0.4

0.6

0.8

1.0

base

self-task judged score

1 2 4 8

epochs

0.0

0.2

0.4

0.6

0.8

1.0

base

IFEval strict accuracy

security leasing support docs median base model

Figure 28: With epochs the validation loss overfits and IFEval erodes, while the judged task score
holds. One thin line per (model, arm, task) cell, coloured by task, with the across-cell median in black
and the untuned base model as open markers at the left. Left: validation NLL on a log axis, relative to
each cell’s best, so the fine-tuned minimum is 1; the base sits several times higher, fine-tuning drops it
by two epochs, then overfitting lifts it back. Middle: self-task judged score, which the base scores low
and fine-tuning lifts then holds. Right: IFEval strict accuracy, which starts high at the base and erodes
with epochs below it.

7.1 Data volume: fresh examples over more passes

The fixed-5 000 sweep leaves a practical ambiguity: if overfitting appears after two epochs, is the right
response to stop earlier or to add data and train longer? We test that directly on the cells where the
source datasets have enough filtered examples. The follow-up keeps the calibrated LoRA learning rate
and global batch for each (model, task), uses the two 8B models, drops the support dataset, and crosses
10000 and 15000 examples with 1, 2,4 epochs. The 5 000-example calibrated LoRA cells are loss an-
chors, so the loss figure spans 5k, 10k, and 15k examples. The downstream probes are lighter weight:
each new checkpoint is scored on 50 trained-task examples and 50 IFEval prompts. Cross-task transfer is
kept as an audited scratch artifact rather than a report result because several out-of-domain generation
files were dominated by endpoint timeouts. §5.2 reuses the 8B rows as anchors, while the scaling-law
analysis extends the one-epoch slice across Qwen3-4B and Qwen3-14B.

Fresh examples lower the loss; repeated passes do not. At matched example-pass budgets, replacing
repeated 5,000-example training with fresh 10,000 examples lowers validation NLL in all 12 compar-
isons (mean 16%), and 10,000 to 15,000 lowers it in all 18 (mean 5.9%; Figure 29). The epoch optimum
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barely moves: within each example count the four-epoch run is worse than the best one- or two-epoch
run in all 12 larger-data curves, and the best NLL is reached at 15,000 examples and two epochs in five
of six cells. The rule is to add fresh examples and keep the epoch count near two, rather than train
longer once data is larger.
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Figure 29: More data lowers the loss curve, but it does not make four epochs optimal. Left: val-
idation NLL, normalised by each (model, task) cell’s best value across the 5k/10k/15k example grid.
Thin lines are individual cells; thick lines are medians by example count. Right: matched example-pass
comparisons where repeated 5k training is replaced by fresh 10k data. Every point is positive: fresh
examples lower NLL at the same pass budget.

The larger-data downstream probes do not justify longer training (Figure 30). The 50-sample task
scores are read directionally, and their later peaks come with no loss justification and with instruction-
following erosion: IFEval falls from one to four epochs in ten of twelve larger-data cells, by a mean
of 0.15 and most on the instruction-heavy tasks. This agrees with the fixed-5k sweep: extra passes do
not reliably improve the task and spend general instruction-following that more examples and fewer
repeats would have kept.

Across the full grid, the cost that matters is capability erosion. IFEval strict accuracy falls with epochs
in about half the cells and steeply on the instruction-heavy tasks (Qwen3-8B full fine-tuning on support
drops from 0.73 at two epochs to 0.34 at eight), while the extraction tasks, where base IFEval is already
low, stay flat; the adapter erodes the same as full fine-tuning. Past about two epochs the validation loss
overfits, the judged task score does not improve, and general instruction-following degrades. The useful
number of epochs is therefore set by capability erosion; task quality and loss do not bind it. Most of the
erosion comes from fine-tuning at all: against the untuned base (IFEval 0.78 at 8B), even two epochs
is costly, and the extra epochs past the loss optimum only deepen it.

At matched (model, task, epoch) the low-rank adapter matches or beats full fine-tuning on the task
(Figure 31): it wins clearly on leasing and sits within noise on support, at far fewer parameters and
no task penalty. The adapter cannot avoid the instruction-following cost: both arms erode IFEval with
epochs by similar amounts, so the erosion is a property of training longer rather than of the tuning
method.

Measured as the change from the untuned base on the same judge (Figure 32, deepest epoch), fine-
tuning lifts the trained task by +0.32 to +0.66 on docs, support, and security, and barely on leasing,
where the base already scores well. Every off-diagonal entry is negative, by −0.05 to −0.44: training on
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Figure 30: The larger-data downstream probes do not justify longer training. Each thin line is one
(model, task, example count) cell from the 10k/15k follow-up; thick lines are medians by example count.
The trained-task score is noisy at 50 examples and sometimes peaks at four epochs. IFEval is cleaner:
general instruction-following usually falls as epochs increase.

one task lowers the base score on the others, steepest into the leasing judge. Fine-tuning specialises by
raising its own task and lowering the rest, the general-capability cost the IFEval erosion also measures.
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The scale grid spans Qwen3-1.7B and 8B. The 1.7B arm overfits more than the 8B models, not
less: at the same 5,000 examples it reaches a lower NLL early then climbs faster than the 8B models,
consistent with a smaller model saturating the data sooner. We leave a 32B point to future work, as its
end-of-training evaluation exceeds single-device memory at the full context.
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The data-constrained law of Muennighoff et al. (2023) describes how repeated tokens lose value
in the training loss; here the validation NLL overfits rather than decays, so the relevant reading is the
overfitting curve above rather than a fitted decay constant.

To separate the schedule from repetition, we trained one cell (Qwen3-8B, support) for eight epochs
at a constant learning rate. It reaches essentially the same validation NLL as the decayed run (0.13
versus 0.14) but erodes more (IFEval 0.15 against 0.39, and a lower task score). At a matched epoch
budget the decay phase therefore recovers much of the erosion, so part of the cost of training longer
is the sustained high learning rate rather than repeated tokens alone. This is a single probe, read as
indicative.

8. Conclusion

We aimed to remove per-job guesswork for post-training. We change one variable at a time, across two
model families, dense and mixture-of-experts, LoRA and full fine-tuning, on four customer SFT datasets
whose construction (Appendix C) makes a change in loss or judged score attributable to the lever rather
than to the data.

The two levers every run must set behave predictably. The optimal LoRA learning rate is flat at
10−3 across 0.6–32B and both families, roughly 33× the full fine-tuning optimum, and global batch
trades loss against cost and has no single best value (§2). The rule transfers unchanged to a held-out
30B mixture-of-experts and keeps the monotone size trend when applied blind to 80B and 235B. The
adapter adds capacity up to about rank 64 and then plateaus, with α = 32 the best scale in every cell,
so r = 64,α= 32 stays the default and rank 32 is the cheaper alternative (§3).

Validation loss, the metric every selection relies on, ranks judged quality within a fixed (model,
dataset, recipe) cell (within-dataset-standardised Spearman −0.38 to −0.88), so selection by loss is
sound inside a recipe (§4). It does not transfer across model families, where a lower-NLL model can
score worse with the judge, and the loss-landscape flatness proxy adds nothing reliable for in-domain
selection at matched loss. Flatness instead tracks the general capability a fine-tune retains, most clearly
across optimisers (§4).

At the fixed defaults, loss falls as a saturating power law in size, steeper for full fine-tuning than for
LoRA, so LoRA’s 98% retention narrows with scale, and all three MoEs enter the trend at roughly the
geometric mean of their active and total parameters (§5). Tripling fresh examples lowers one-epoch
LoRA loss in every measured cell, with a return that is mostly dataset-specific. Muon carries a narrow
version of its pretraining advantage into SFT, reaching a marginally lower validation NLL and a flatter
minimum at a learning rate about 3× below AdamW’s, with task quality unchanged and more general
instruction-following retained (§6). On the epoch axis the cost that matters is capability erosion: past
about two epochs the validation loss overfits, the judged task score does not improve, and instruction-
following degrades, while fresh examples beat repeated passes at a matched budget (§7).

Each dataset is generated by iterative SFT to pass a customer-built evaluation (Appendix C), so the
supervised target carries little label noise and the downstream judge is a reliable, customer-validated
criterion. The same construction is the main caveat: because the data is optimised to pass the judge,
the judge is not independent of the training objective, so we read it as fit to the task as specified and
use IFEval as a cross-criterion check.

Several axes remain open. Loss-based selection across model families inherits the fit-to-text-versus-
behaviour gap of §4 and still needs a downstream check. The optimiser comparison covers full fine-
tuning only, leaving open whether Muon’s edge survives a rank-64 adapter (§6). The example-count
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results cannot separate examples from tokens within a dataset, since the two co-vary (§5.2). The usable
learning-rate ceiling is stability-bounded and model-dependent (§2.5), so a widened grid must carry its
own stability checks. And the epoch and scaling ladders stop where end-of-training evaluation exceeds
single-device memory at full context, leaving a 32B epoch rung to future work. With four datasets and
few sizes per family, we treat the directions of these results as the robust findings and quote magnitudes
with their uncertainty.

Beyond the present grid, several directions remain. Reasoning models are one such direction: how
one behaves when fine-tuned on data with no reasoning traces, or on off-policy traces from another
model. The interaction with pretraining is a second, in particular whether continued pretraining on
assistant outputs alone changes how a model later responds to SFT. On the method axis, the adapter
study can widen beyond LoRA to learned weight deltas and to quantisation-aware training, with the
deployment cost measured under post-training quantisation. The grid can also be pushed to newer
model families and much longer data runs. And rejection-sampling fine-tuning, where the supervised
set is the model’s own grader-accepted outputs, connects the iSFT testbed here to on-policy RL.
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Appendix A. Wall-clock, compute, and memory cost of the batch axis

§2 reads global batch as a loss/cost frontier; this appendix measures the cost side. We run a controlled
timing sweep over every Qwen3 cell (three models× four datasets× global batch {8,16,32, 64}, for both
LoRA and FullFT) on a single 8×H200 node with in-training evaluation and checkpointing disabled. The
reported cost is the steady-state seconds per optimiser step (the slope of Megatron’s cumulative elapsed
time over the post-warmup iterations), which excludes setup, evaluation, and checkpoint writes. The
metric is reproducible to a coefficient of variation of ≈ 0.3% across repeated seeds, whereas naive end-
to-end wall time over-reports true training time by ≈ 30% (Megatron initialisation plus the end-of-run
evaluation). Throughput, peak memory, and the model dimensions used for FLOPs are read from the
same per-iteration logs; micro_batch_size= min(global, 32) throughout, matching the foundation
study.

Per-step time scales with the batch; one-epoch time stays roughly fixed. Because the microbatch
tracks the global batch up to 32, each optimiser step processes about global_batch examples, so sec-
onds per step grows almost linearly with batch (Figure 33). At one fixed epoch the number of steps falls
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by the same factor, so total one-epoch wall-clock is nearly batch-invariant: within about 10% across
the range, and marginally lower at the largest batch as per-step overhead amortises (Figure 34). At a
fixed token budget the cost of a small batch is its extra optimiser steps; raising the batch adds almost
no wall-clock until the memory limit is reached.

Compute efficiency. LoRA and FullFT cost almost the same seconds per step at matched settings,
but FullFT performs roughly 1.5× the useful FLOPs per token (6N versus 4N , since LoRA skips the
frozen base weight gradients), so its achieved FLOP/s is correspondingly higher (Figure 35). ms-swift’s
Megatron backend emits no FLOP counter, so we evaluate Megatron’s per-token formula on the logged
GQA/SwiGLU dimensions (model FLOPs, no recompute). Achieved utilisation is low (single digits to
the low teens of the H200 bf16 peak) because the recipe pins tensor-parallel size to 8 even on the 0.6B
model and long-sequence attention adds non-matmul work; a smaller tensor-parallel degree on the
small models would raise it.

Memory. Peak device memory rises while the microbatch grows with the batch, then flattens at global
batch 64, where the extra batch comes from gradient accumulation rather than a larger microbatch
(Figure 36). FullFT sits well above LoRA at every size. Peak memory is what limits how far the global
batch can be raised.
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Figure 33: Seconds per optimiser step grows almost linearly with global batch. Steady-state per-step
time (LoRA), faceted by model, one line per dataset; the dashed guide is exact linear scaling. Throughput
is strongly dataset-bound through sequence length (support shortest, docs longest).

Appendix B. Dataset statistics and coverage

The four anonymised SFT datasets and their per-family token composition and eligible-cell counts. To-
ken counts are per example and differ across families because the tokenizers differ; “trained tokens” is
the total assistant-loss tokens over one 5,000-example epoch. The datasets span an order of magnitude
in token load, which sets the achievable-loss floor of §2.4.

Of the 1,008 planned dense cells, 970 are eligible (682 LoRA, 288 FullFT; 658 Qwen3, 312 Llama).
The 38 excluded cells all fail to beat their pretrained baseline; every one is a LoRA run at the top learning
rate 3×10−3, concentrated on the largest models (Llama-3.1-8B contributes 16); this is the high-learning-
rate instability of §2.5. The MoE sweep (§2.7) adds 112 cells (80 LoRA, 32 FullFT reference), of which
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Figure 34: One-epoch wall-clock is nearly batch-invariant. Projected epoch time at the foundation
5,000-example budget (LoRA), faceted by model, one line per dataset; the extra optimiser steps of a
small batch cost almost no additional wall time, so batch should be chosen on loss and memory.
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Figure 36: Peak memory caps the batch. Peak device memory against global batch size, faceted by
model, for LoRA and FullFT. Memory grows with the microbatch (to 32) and flattens at batch 64, where
gradient accumulation supplies the additional batch; FullFT is uniformly heavier.

111 are eligible; the one exclusion is again a LoRA run at 3×10−3 (batch 8). The Qwen3-Next-80B blind
test adds 8 single-point cells (4 LoRA, 4 FullFT), all eligible.

Table 2: Per-dataset token composition (per example) and eligible-cell counts, by family.

Dataset Family Input tok Asst. tok Trained tok (M) LoRA cells FullFT cells

support Qwen3 5,513 167 0.83 116 48
Llama 4,026 129 0.65 55 24

leasing Qwen3 8,974 219 1.10 117 48
Llama 8,606 192 0.96 55 24

security Qwen3 12,959 998 4.99 118 48
Llama 12,808 1,003 5.01 55 24

docs Qwen3 20,084 3,019 15.09 115 48
Llama 19,911 2,967 14.83 51 24

support MoE 5,494 147 0.73 19 8
leasing MoE 8,952 198 0.99 20 8
security MoE 12,955 994 4.97 20 8
docs MoE 20,080 3,015 15.07 20 8

Appendix C. The iterative-SFT testbed

Each of the four datasets is produced by the iterative supervised fine-tuning (iSFT) pipeline (O’Neill
et al., 2025), and that construction makes the loss and judge comparisons in this report well-posed.
This appendix records the loop and the one limit it places on the downstream readout.

Each task begins with an evaluation, built with the customer’s domain experts over weeks, that
scores a candidate output against the task’s acceptance criteria (a graded rubric for the writing tasks,
a pass/fail or micro-F1 check for the extraction tasks; §4.1 lists the four). Training examples are then
generated rather than hand-written: a model drafts an output, the evaluator grades it and returns
structured feedback on why it fell short, and the model revises until it passes. Only passing outputs
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are kept, so a run trains on inputs paired with outputs that already score well under the task’s own
evaluation, with no human-written gold answer in the loop.

Two properties follow, both of which matter for a one-lever-at-a-time sweep. The supervised target
is internally consistent: because every output was accepted by the same evaluator, the dataset carries
little of the label noise or contradictory gold answers that make absolute loss hard to interpret, so a
change in validation NLL between two cells reflects the lever under study rather than disagreement in
the labels. And the evaluation is reliable enough to be the downstream judge: the production judge of
§4 is the same customer-validated criterion the data was generated to satisfy, which is why it resolves
base-model quality (§4.1) and ranks fine-tuned cells within a recipe (§4.2). Generating data to pass
the grader also avoids the plain-SFT regime in which adding noisier examples eventually hurts, so the
example-count results of §5.2 and §7.1 measure the return to more clean data.

The construction that makes the judge reliable also makes it non-independent: because the training
data was optimised to pass the evaluation, the judge is the criterion the data targets rather than an oracle
external to it. “Clean” here means a well-posed target with low label noise and a trustworthy, customer-
validated readout; it does not mean the downstream score is independent of the training objective. We
therefore read the judge as a measure of fit to the task as specified, and use the cross-criterion IFEval
probe (§7) to check that a fine-tune has not gained task fit by eroding general capability the evaluation
does not score.

Appendix D. LoRA retention by model

The per-model breakdown behind the median 98% retention of §2: the fraction of full fine-tuning’s
improvement over the pretrained baseline that LoRA recovers, and the LoRA trainable-parameter per-
centage, for each model.

Table 3: LoRA recovers a median 98% of FullFT’s gain at 3–13% of the parameters. “Retained” is the
median fraction of FullFT’s improvement over the pretrained baseline that LoRA recovers, over matched
(dataset, batch) cells; “trainable” is the LoRA trainable-parameter percentage.

Model Retained Trainable Model Retained Trainable

Qwen3-0.6B 97% 12.6% Qwen3-14B 99% 3.8%
Qwen3-1.7B 99% 8.6% Qwen3-32B 99% 3.1%
Qwen3-4B 99% 6.5% Llama-3.2-1B 97% 7.3%
Qwen3-8B 98% 4.8% Llama-3.2-3B 97% 6.8%

Llama-3.1-8B 99% 4.5%

Appendix E. Size-law fit parameters

The per-dataset saturating-fit parameters behind the size trend of §5.1.

Appendix F. Per-model learning-rate frontiers

The full learning-rate response curves underlying §2.2. For legibility the six Qwen sizes are split into
small (0.6–4B) and large (8–32B) grids; Llama’s three fit one grid. Each panel plots validation NLL
against learning rate, one line per global batch, with LoRA solid and the FullFT reference arm dashed on
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Table 4: Saturating size-trend fits per dataset at the fixed defaults. L∞ and α with pairs-bootstrap
95% intervals (B = 1,000), the exponent re-fit on the oracle learning rate, and the fit RMSE; six Qwen3
sizes per fit, total parameters in billions.

Tuner Dataset L∞ α α (LR oracle) RMSE

LoRA security 0.376 [0.24,0.42] 0.32 [0.16,0.64] 0.32 0.0039
leasing 0.311 [0.12, 0.37] 0.31 [0.14,0.70] 0.31 0.0048
support 0.069 [0.05,0.08] 0.33 [0.20,0.56] 0.33 0.0007
docs 0.349 [0.30, 0.41] 0.40 [0.35,0.61] 0.40 0.0039

FullFT security 0.388 [0.29,0.43] 0.40 [0.21,0.82] 0.34 0.0049
leasing 0.326 [0.24, 0.36] 0.40 [0.23,0.77] 0.39 0.0044
support 0.081 [0.07,0.08] 0.51 [0.34,0.89] 0.33 0.0004
docs 0.358 [0.29, 0.42] 0.41 [0.34,0.66] 0.41 0.0041

its own (lower) grid, the within-0.01-nat LoRA band shaded, the recommended learning rates marked
(10−3 LoRA dashed, 3×10−5 FullFT dotted), and a × marking grid-edge optima.
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Figure 37: Learning-rate frontiers for the small Qwen3 sizes (0.6B, 1.7B, 4B), LoRA and FullFT, faceted
by dataset (rows) and model (columns).

Appendix G. Learning-rate schedule trajectories

Figure 9 summarises the matched constant-vs-cosine schedule probe by best-checkpoint loss and end-
of-training rebound. The corresponding validation trajectories below show the same effect directly: at
10−4 constant learning rate preserves a slightly larger step size throughout training; at 10−3 cosine is the
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Figure 38: Learning-rate frontiers for the large Qwen3 sizes (8B, 14B, 32B), LoRA and FullFT, faceted
by dataset (rows) and model (columns).

better calibrated default; and at 3×10−3 constant learning rate often reaches a plausible intermediate
checkpoint and then drifts upward late in the run.

Appendix H. Estimating the Hessian trace: a first-order identity

§4 uses the flatness of the converged SFT loss, the trace of its Hessian, as a second signal alongside
validation loss. Computing Tr∇2

θ
L directly is infeasible: the Hessian is d × d with d ∼ 108 trainable

parameters and is never formed. We instead use an identity that replaces every second derivative with
an average of squared gradient norms. The argument has three steps. Differentiating the normalisation
constraint (predicted probabilities sum to one) twice gives two zero-sum identities, (H.1). The Hessian
of a log-probability splits into a curvature term and an outer-product term, (H.2). Averaging the curva-
ture term over tokens drawn from the model makes it vanish by the first identity, leaving only the outer
product (Lemma H.1); taking traces then turns that outer product into a squared gradient norm (Corol-
lary H.2). The only assumption is that the model is well fit, and Remark H.4 states what the estimator
measures when it is not.

Setup. Reduce each masked position to next-token classification over a vocabulary of c classes. A
context x−t (a position t and its prefix) is drawn from the data distribution D; the model maps it to
a predicted distribution fθ (x−t) ∈ ∆c−1, with class probabilities pk(θ ) = [ fθ (x−t)]k. The per-position
loss is the negative log-likelihood of the true token, ℓ(θ ) = − log px t

(θ ), and the full loss L(θ ) averages
ℓ over D. Because the predicted distribution is normalised for every θ , differentiating

∑c
k=1 pk(θ ) = 1
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Figure 39: Learning-rate frontiers for the Llama family (3.2-1B, 3.2-3B, 3.1-8B), LoRA and FullFT,
faceted by dataset (rows) and model (columns).

once and twice gives
c∑

k=1

∇θ pk(θ ) = 0,
c∑

k=1

∇2
θ pk(θ ) = 0, (H.1)

since the gradient and Hessian of the constant 1 vanish. For a fixed class k the chain rule gives
∇θ log pk =∇θ pk/pk, and differentiating once more with the quotient rule yields

∇2
θ log pk =

∇2
θ

pk

pk
− ∇θ log pk (∇θ log pk)

>. (H.2)

The Hessian of a log-probability splits into a second-order “curvature of the probability” term and a
first-order outer-product term. The derivation removes the first term and keeps the second.

Lemma H.1 (Bartlett identity for the loss Hessian). Assume the model is in the saturation regime at θ :
for D-almost every context, its predicted conditional equals the data conditional, fθ (x−t) = Pr(· | x−t)
(the global-minimiser condition of Liu et al., 2023, Lemma 3.2). Then the loss Hessian equals the Fisher
information,

∇2
θ L(θ ) = E(t, x−t )∼D Ex t∼ fθ (x−t )

�∇θ log[ fθ (x−t)]x t

�∇θ log[ fθ (x−t)]x t

�>�
, (H.3)

where the outer expectation is over data contexts and the inner expectation samples the token from the
model’s own predicted distribution.
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Figure 40: Security validation trajectories for the schedule probe. Rows are learning rates, columns
are global batch sizes, and each panel overlays the constant and cosine schedules for the matched Qwen3-
8B LoRA cell. The high-learning-rate constant runs rebound sharply late in training, which is the mech-
anism behind the end-gap summary in Figure 9.

Proof. From ℓ= − log px t
and (H.2), ∇2

θ
ℓ= −∇2

θ
px t
/px t

+∇ log px t
(∇ log px t

)>. Average the first term
over x t drawn from the model, for which Pr(x t = k) = pk:

Ex t

�∇2
θ

px t

px t

�
=

c∑
k=1

pk
∇2
θ

pk

pk
=

c∑
k=1

∇2
θ pk = 0,

by (H.1): the sampling weight pk cancels the 1/pk, leaving the bare sum of second derivatives, which
is the Hessian of the constant

∑
k pk = 1. The saturation assumption is what licenses sampling x t

from the model rather than from the data: under it the two distributions agree, so this average over
model samples is also the average over data, and the cancellation applies to L. Without it the weights
would not be pk and the term would not vanish. Only the outer-product term survives, and taking the
outer expectation over contexts gives (H.3). (The Fisher matrix differs from the gradient covariance
by −∇L (∇L)>, which vanishes at a minimiser ∇L = 0; hence Hessian, Fisher, and gradient covariance
coincide there (Bartlett, 1953; Martens, 2020).)

Corollary H.2 (Trace estimator). Because Tr(g g>) = ‖g‖2
2 and the trace is linear, it passes through the

expectations in (H.3):

Tr∇2
θ L(θ ) = E(t, x−t )∼D Ex t∼ fθ (x−t )

�

∇θ log[ fθ (x−t)]x t



2
2

�
. (H.4)
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Figure 41: Leasing validation trajectories for the schedule probe. The same matched grid shows
why constant learning rate is not a better default: the low-LR cells improve slightly, but the calibrated
10−3 cells favour cosine and the 3×10−3 cells expose late-run instability.

The total curvature equals the expected squared length of a single sampled-token log-probability gradient,
a quantity with no second derivatives.

Remark H.3 (What the trace measures). For u uniform on the unit sphere in Rd and any symmetric H,
Eu[u>Hu] = Tr H/d, so a second-order expansion of the loss along a random direction gives

Eu

�
L(θ + ϵu)
�− L(θ ) =

ϵ2

2d
Tr∇2

θ L(θ ) +O(ϵ3) at a minimiser. (H.5)

The per-parameter trace Tr∇2 L/d reported in §4 is therefore the mean curvature of the loss along a
random direction: it measures how much the loss rises under an isotropic perturbation of the trained
parameters, so a small trace means a flat minimum.

Estimator and implementation. Equation (H.4) is a Monte-Carlo expectation requiring, per sample,
only: (i) a masked context, (ii) one token sampled from the model’s predicted distribution at that po-
sition, (iii) one backward pass for the scalar log px t

, and (iv) its squared gradient norm. There are
no second derivatives (they were removed by (H.1)) and no per-class Jacobian, since the sampling in
Lemma H.1 already integrated over classes. We draw E examples and P probe positions per example (ev-
ery trace in this report uses E = 16, P = 4, i.e. 64 samples, on the held-out test split), choose each probe
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position deterministically among the assistant-label positions (hashed by row, for reproducibility), sam-
ple the token under a fixed per-probe seed, and accumulate ‖∇θ log px t

‖2
2 from a single autograd.grad

call taken over the trainable parameters; for LoRA this is the adapter subspace, so the reported curva-
ture is the subspace flatness whose pitfalls §4 discusses (Li et al., 2025). The fine-tuned grid’s trace
was re-measured at this same 64-sample test-split setting to match the base-model anchor, superseding
the campaign’s original 4-sample validation-split measurement. This is far cheaper than matrix-free
Hutchinson–Lanczos curvature probes (Yao et al., 2020), which still require Hessian–vector products;
here one first-order gradient per sample suffices.

Remark H.4 (Regime caveat). Strictly, (H.4) estimates the trace of the Fisher information. It equals
the Hessian trace only in the saturation regime of Lemma H.1, a fully fit minimiser, and is otherwise a
flatness proxy rather than the exact curvature. We therefore report it as a Fisher-trace flatness measure
and read it alongside the loss.

Appendix I. AdamW and Muon: update rules and implementation

This appendix states the two update rules precisely and documents the Muon implementation we use
(Megatron-Core via ms-swift), whose choices affect behaviour (§6). The structure: Muon is built around
one object, the matrix sign msign, which has three equivalent characterisations (Remark I.1); a Newton–
Schulz iteration computes it with matrix multiplies only, acting on the spectrum one singular value at a
time ((I.3)); and a pair of variational identities places AdamW and Muon in the same steepest-descent
frame under different norms, (I.4), which also gives the relationship to Shampoo.

AdamW. For a parameter θ with stochastic gradient gt , AdamW (Loshchilov and Hutter, 2019) main-
tains per-coordinate moments and steps by

mt = β1mt−1 + (1− β1)gt , vt = β2vt−1 + (1− β2)g
2
t , θt = θt−1 −η

�
m̂tp
v̂t+ε
+λθt−1

�
, (I.1)

with bias-corrected m̂t , v̂t and decoupled weight decay λ. The preconditioner diag(1/
p

v̂t) is diagonal:
every scalar is rescaled by its own running gradient magnitude, independently of any matrix structure.

Muon. For a 2D weight W with gradient Gt , Muon (Jordan et al., 2024) runs momentum SGD and
then orthogonalises the resulting matrix before applying it:

Bt = µBt−1 + Gt , Ot =msign(Bt), Wt =Wt−1 −η s Ot , (I.2)

where s is a scale factor (below) and msign is defined next.

Remark I.1 (Three views of msign). Let B = UΣV> be a singular value decomposition with Σ invertible.
The following define the same matrix msign(B) = UV>, which is B with every singular value set to 1:

1. Matrix sign. msign(B) = B (B>B)−1/2, the matrix analogue of sign(x) = x/|x |: the magnitude
(spectrum) is divided out and the directions (singular vectors) are kept.

2. Nearest semi-orthogonal matrix. msign(B) = argminO : O>O=I‖B −O‖F , the orthogonal Procrustes
solution: among all matrices with orthonormal columns, UV> is closest to B.

3. Steepest spectral direction. Among updates of bounded operator norm, arg max‖∆‖op≤1〈B,∆〉 =
msign(B): it is the direction that extracts the most first-order decrease per unit of spectral norm.
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Computing it. Rather than form an SVD, msign is approximated by a few steps of a Newton–Schulz
iteration on the spectrally normalised buffer,

X ← a X + b (X X>)X + c (X X>)2X . (I.3)

Every iterate shares B’s singular vectors, so (I.3) acts on each singular value independently through
the scalar map σ 7→ aσ + bσ3 + cσ5. The fixed odd-polynomial coefficients (a, b, c) make σ = 1 an
attracting fixed point of that map, and the initial normalisation places every singular value inside its
basin; k iterations therefore flatten the whole spectrum towards 1 using only matrix multiplies, which
run stably on tensor cores.

One frame for both optimisers. The two updates are steepest descent under different norms (Bern-
stein and Newhouse, 2024):

arg max‖∆‖∞≤η
〈G,∆〉 = η sign(G), arg max‖∆‖op≤η

〈G,∆〉 = η msign(G). (I.4)

AdamW is approximately the left identity (sign descent under the elementwise max-norm, smoothed by
its moments), and Muon is exactly the right one. The spectral norm is the natural choice for a weight
matrix: for a layer y = W x , an update ∆ changes outputs by at most ‖∆‖op‖x‖2, so bounding the
operator norm bounds the worst-case change in the layer’s function. This frame also gives the relation-
ship to Shampoo (Gupta et al., 2018), whose update is P−1/4

L G P−1/4
R with left and right preconditioners

accumulating GG> and G>G. In the single-gradient (zero-accumulation) limit, PL = GG> = UΣ2U>
and PR = G>G = VΣ2V>, so

P−1/4
L G P−1/4

R = UΣ−1/2U> · UΣV> · VΣ−1/2V> = UΣ−1/2ΣΣ−1/2V> = UV>, (I.5)

identical to Muon’s orthogonalised step (“Spectral Descent”). The optimisers agree on the instantaneous
geometry and differ in how second-moment information is accumulated over steps, which is what the
June-2026 “is Muon just Shampoo?” exchange concerned (§6). SOAP (Vyas et al., 2024), which runs
Adam inside Shampoo’s eigenbasis, sits between the two.

Implementation we use. Megatron-Core implements Muon (“MomentUm Orthogonalized by Newton-
schulz”) as TensorParallelMuon, extending an OrthogonalizedOptimizer base (NVIDIA, 2026);
ms-swift exposes it through its Megatron backend as –optimizer muon (or dist_muon), requiring
megatron-core≥0.16 (ModelScope, 2026). The exposed controls and their defaults are:

Three choices warrant comment. (i) Tensor-parallel orthogonalisation. msign is a global matrix op-
eration, but a tensor-parallel weight is sharded across ranks; muon_tp_mode decides how to reconcile
the two. blockwise (the default) orthogonalises each rank’s shard independently (cheapest, approxi-
mate); duplicated all-gathers the full matrix, orthogonalises it exactly, and re-shards; distributed
runs the Newton–Schulz iteration across ranks (exact, communication-heavy). The mode trades orthog-
onalisation fidelity against communication, with no analogue in AdamW. (ii) Fused-QKV splitting. A
fused QKV projection is one matrix in memory but three logically distinct maps; with muon_split_qkv
it is split so WQ, WK , WV are each orthogonalised separately. (iii) The hybrid rule. Orthogonalisation is
meaningless for vectors, so Muon is applied only to 2D hidden weights; one-dimensional parameters
(norms, biases), the embeddings, and the output head are optimised by Adam, the standard Muon prac-
tice. The spectral scale mode additionally rescales the orthogonal update so its root-mean-square
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Table 5: Muon controls in Megatron-Core / ms-swift and their defaults.

Parameter Default Role

optimizer adam one of adam, sgd, muon, dist_muon
muon_momentum 0.9 momentum on the pre-orthogonalisation buffer
muon_use_nesterov False Nesterov-style momentum
muon_num_ns_steps 5 Newton–Schulz iterations (I.3)
muon_scale_mode spectral update rescaling: spectral / unit_rms_norm / shape_scaling
muon_extra_scale_factor 1 extra multiplier on the update
muon_fp32_matmul_prec medium precision of the Newton–Schulz matmuls
muon_tp_mode blockwise TP orthogonalisation: blockwise / duplicated / distributed
muon_split_qkv True split a fused QKV projection before orthogonalising

magnitude matches an Adam step, letting a single learning rate transfer between the two arms. The
Kimi-K2 “MuonClip” variant, which clips attention logits for stability, is also available. Under LoRA,
Muon orthogonalises the 2D adapter matrices, so the optimised subspace matches the curvature scope
of Appendix H.
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Figure 42: Zoomed to the converged region, the validation trace separates: Muon ends at or just
below AdamW on every dataset. Validation NLL (markers, the selection metric) over training, with
the smoothed per-step training loss faint behind, for each arm’s best cell per dataset. The y-axis is
logarithmic and clipped to the convergence band, so the steep early transient sits above the frame.
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