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Abstract

Neural scaling laws describe how model performance improves as a power law with
size, but existing work has focused almost entirely on models above 100 M parameters.
The regime below 20 million parameters, where TinyML and edge AI systems operate,
remains largely unexamined. We train 90 models spanning 22 K to 19.8 M parameters across
two architecture families (a plain ConvNet and MobileNetV2) on CIFAR-100, varying width
while holding depth and training protocol fixed. Both architectures follow approximate
power laws, with exponents of α = 0.156 (ScaleCNN) and α = 0.106 (MobileNetV2).
However, the power law does not hold uniformly: local exponents decay with scale, and
MobileNetV2 saturates at 19.8 M parameters (αlocal = 0.006), hitting a data wall. The
structure of errors also changes with scale. The Jaccard overlap between error sets of the
smallest and largest ScaleCNN models is only 0.35; compression changes which inputs are
misclassified, not merely how many. Small models develop a triage strategy, concentrating
capacity on easy classes (Gini of per-class accuracy: 0.26 at 22 K params vs. 0.09 at 4.7 M)
while effectively abandoning the hardest ones (bottom-5 class accuracy: 10% vs. 53%). The
smallest models achieve the lowest ECE values (0.013 vs. peak 0.110 at mid-size), reversing
the typical overconfidence–capacity relationship, though this partly reflects a global-mean
matching artifact rather than well-calibrated per-bin confidence. On CIFAR-100, aggregate
accuracy alone is therefore a misleading basis for edge deployment decisions; validation
must happen at the target model size. All findings in this study are based on CIFAR-100
(32 × 32, 100 classes); their generalizability to other datasets, resolutions, and architectures
remains to be verified.

Keywords: scaling laws; TinyML; error redistribution; model compression; neural network
calibration; edge deployment

1. Introduction
Neural scaling laws [1,2] have become one of the more reliable empirical regularities

in deep learning. Loss decreases as a power law with model size N, dataset size D, and
compute budget C:

L(N) ∼ N−α (1)
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where α ≈ 0.076 for language models, with similar values reported for vision transform-
ers [3]. These laws, spanning seven or more orders of magnitude, enabled the strategic
scaling decisions behind GPT-3, PaLM, and subsequent frontier models.

Much less is known about the left side of the scaling curve. Below 20 million parameters
(the operating point of TinyML systems deployed on microcontrollers with ≤256 KB RAM
and ≤1 mW power budgets), we lack answers to basic questions:

• Does the same power law extend to the small-model regime, or does a different scaling
relationship govern?

• Does compression merely increase the error rate, or does it fundamentally reshape
which inputs the model fails on?

• How do calibration and per-class fairness vary with scale?

These questions matter for deployment. Edge AI systems run in safety-critical contexts
(autonomous vehicles, medical devices, industrial monitoring) where the failure distribution
matters as much as the failure rate. A model that maintains 88% accuracy after compression
but silently shifts all its errors to a specific subpopulation may be more dangerous than one
with 85% accuracy and uniformly distributed errors.

The TinyML community typically reports model accuracy at individual operating
points. No prior work has systematically varied model size across orders of magnitude on
a fixed task to characterize both the functional form and the qualitative changes in error
behavior. We set out to do exactly that.

Contributions.

This paper makes three contributions. First, we provide the first systematic scaling
law characterization in the sub-20 M regime, measuring error-rate exponents across nearly
three orders of magnitude (22 K–19.8 M parameters) with two architecture families on
CIFAR-100. We report architecture-dependent exponents along with a broken power law
and architecture-specific saturation. Because prior scaling laws were fit to cross-entropy
loss rather than error rate, and these metrics are nonlinearly related, direct numerical
comparison of exponents across regimes is approximate. Second, we show that width
scaling causes substantial error redistribution: the Jaccard overlap between error sets of the
smallest and largest models is only 0.35, well below the 0.58 expected from pure accuracy-
driven subset containment. Third, we quantify how small models develop class triage
strategies (Gini coefficient of per-class accuracy: 0.26 at 22 K parameters vs. 0.09 at 4.7 M)
and document a calibration inversion where the smallest models achieve the lowest ECE,
contrary to the usual assumption that overconfidence grows monotonically with capacity.

2. Related Work
Neural scaling laws.

Kaplan et al. [1] established that language model loss follows power laws in model
size, dataset size, and compute, with smooth trends spanning seven orders of magni-
tude. Hoffmann et al. [2] refined these findings by characterizing compute-optimal train-
ing (Chinchilla scaling). Zhai et al. [3] extended scaling analysis to vision transformers.
Clark et al. [4] proposed unified scaling laws across modalities. Hestness et al. [5] demon-
strated that deep learning scaling is predictable across domains, reporting exponents in the
range α ≈ 0.07–0.12 for vision tasks above 1 M parameters. However, all of these works
focus on the large-model regime (>10 M parameters). The sub-1 M regime relevant to edge
deployment has received little attention.

Sharma and Kaplan [6] provided a theoretical grounding for scaling laws by relating
the exponent to the intrinsic dimension of the data manifold, predicting α ≈ 4/d where d
is the manifold dimension. Bahri et al. [7] offered complementary explanations rooted in
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statistical mechanics. Rosenfeld et al. [8] proposed constructive methods for predicting gen-
eralization error across scales. Nakkiran et al. [9] documented deep double descent, where
increasing model size can temporarily hurt performance before resuming improvement.
Caballero et al. [10] introduced the concept of broken neural scaling laws (BNSL), showing
that scaling behavior across wide parameter ranges is better described by smoothly bend-
ing power laws than by a single exponent. Our empirical observation of decaying local
exponents is consistent with the BNSL framework.

TinyML and efficient inference.

The TinyML community has developed several complementary techniques for de-
ploying neural networks on microcontrollers: knowledge distillation [11], structured prun-
ing [12], quantization-aware training [13], and neural architecture search for constrained
devices [14,15]. Recent work has established standardized benchmarks for sub-milliwatt
inference [16], demonstrated on-device training under 256 KB memory [17], and surveyed
the rapidly growing TinyML ecosystem [18,19]. Hardware-aware methods now routinely
target sub-1 M parameter budgets with differentiable pruning [20]. However, these works
optimize for accuracy at a specific target size but do not characterize the functional relation-
ship between accuracy and size across scales. We aim to fill that gap by measuring how
accuracy, error distribution, and calibration evolve as model size varies continuously.

Emergent capabilities and phase transitions.

Wei et al. [21] documented emergent capabilities in large language models that appear
discontinuously at critical scales. Schaeffer et al. [22] argued that some apparent emergence
is an artifact of nonlinear evaluation metrics. Our work addresses the opposite end of the
scale: we study capability degradation as models shrink, focusing on per-class performance,
error redistribution, and calibration rather than aggregate metrics.

Compression and fairness.

Pruning disproportionately affects underrepresented classes, as Hooker et al. [23]
showed through the concept of “Pruning Identified Exemplars”. Liebenwein et al. [24]
extended this to show that pruning effects go beyond test accuracy. Our work builds on
these findings: we quantify error redistribution across the full scaling range using Jaccard
overlap rather than individual exemplars, we show that scale drives error patterns more
than architecture choice, and we characterize the class-level triage strategy that small
models adopt.

Calibration.

Modern neural networks are systematically miscalibrated, with overconfidence in-
creasing with capacity [25]. Our results partially contradict this monotonic trend: in the
small-model regime, the smallest models register the lowest ECE values, and miscalibration
follows an inverted-U pattern rather than increasing monotonically with size, although as
we discuss in Section 5.6 this advantage is partly a global-mean matching artifact rather
than evidence of well-calibrated per-bin confidence. Alabdulmohsin et al. [26] revisited
scaling laws for vision and language with a focus on metrics beyond loss, which is close in
spirit to our multi-metric approach.

3. Theoretical Framework: Spectral Capacity Theory
This section develops a spectral capacity model that relates the scaling exponent to

properties of the data and the network. We present it not as an independent predictive
theory but as a post hoc consistency check: the framework is used to verify whether the
measured exponents are compatible with known spectral properties of natural images
and reasonable assumptions about network capacity. As discussed in Section 3.4, the
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reconciliation remains partially circular because the rank efficiency parameter γ is back-
calculated from the measured exponents rather than measured independently.

3.1. Data Spectral Structure

Natural data distributions exhibit scale-free spectral structure. The eigenvalues of the
data covariance matrix Σ follow a power-law decay:

λk ∼ k−β (2)

where β > 1 is the spectral decay exponent and k indexes eigenvalues in decreasing order.
For natural images at native resolution, β ≈ 1.0–1.2 [27,28]. We directly measured β

from the eigenspectrum of the CIFAR-100 training set covariance matrix (50,000 images,
3072 dimensions). Fitting a power law to eigenvalues k = 5–500 yields βCIFAR = 1.45
(R2 = 0.996); the fit is robust across ranges (β = 1.35–1.45 for k ∈ [2, 200] to [5, 500]).
Figure 1 shows the eigenspectrum and fit. The steeper decay compared to natural images
at native resolution reflects CIFAR-100’s 32 × 32 downsampling, which removes high-
frequency content and steepens spectral rolloff.
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Figure 1. Eigenvalue spectrum of the CIFAR-100 training set covariance matrix. The power-law fit
λk ∼ k−1.45 (R2 = 0.996, fit range k = 5–500) confirms steeper spectral decay than reported for natural
images at native resolution (β ≈ 1.0–1.2).

3.2. Effective Rank and the Parameter-to-Capacity Mapping

A neural network with N parameters can effectively represent data projected onto
a subspace of dimensionality K(N), which we term the effective rank. For convolutional
networks with width multiplier m:

N ∼ m2 · (kernel size)2 · d, K ∼ m · r (3)

where d is depth and r is spatial resolution. In general:

K(N) ∼ Nγ (4)

where γ ∈ (0, 1) is the rank efficiency exponent. For most practical architectures, γ ≈ 0.5.
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3.3. Deriving the Scaling Exponent

A model with effective rank K(N) captures the top K(N) eigenmodes of the data
distribution. The residual loss is

L(N) = ∑
k>K(N)

λk ≈
∫ ∞

K(N)
k−β dk =

K(N)1−β

β − 1
(5)

Substituting K(N) ∼ Nγ:

L(N) ∼ N−α, where α = γ(β − 1) (6)

This predicts the scaling exponent from two independently measurable quantities: β (a
data property) and γ (an architecture property).

3.4. Theoretical Prediction vs. Empirical Exponents

For natural images at native resolution with β ≈ 1.1 and convolutional networks with
γ ≈ 0.5, the spectral capacity theory predicts α ≈ 0.05. Our measured exponents (α = 0.156
for ScaleCNN and α = 0.106 for MobileNetV2) are 2–3× larger than this prediction. The
resolution comes from the direct eigenspectrum measurement in Section 3.1: CIFAR-100’s
measured βCIFAR = 1.45 is steeper than the literature value for natural images at native
resolution. With this measured β, the theory predicts α = 0.5 × 0.45 = 0.225 for γ = 0.5.
The ScaleCNN exponent (0.156) implies γCNN = 0.156/0.45 = 0.35, and the MobileNetV2
exponent (0.106) implies γMobNet = 0.106/0.45 = 0.24. These γ values are below the
theoretical maximum of 0.5, consistent with the expectation that real networks convert
parameters to effective rank less efficiently than the linear bound. The gap between the two
architectures reflects differences in rank efficiency: ScaleCNN’s simple structure converts
parameters to effective rank more efficiently than MobileNetV2’s depthwise separable
design, which spends parameters on bottleneck projections and expansion layers.

The framework is consistent with the functional form (power law with architecture-
dependent exponent) and the qualitative ordering (αCNN > αMobNet). With the directly
measured β, the remaining circularity is reduced to the γ parameter, which is still inferred
from the measured α rather than measured independently. To fully close this loop, future
work should measure γ directly (e.g., by computing the stable rank of intermediate acti-
vation matrices across trained networks of varying width), enabling a quantitative test of
Equation (6) without any back-calculated parameters.

4. Experimental Setup
4.1. Hypotheses

We organize the experiments around two hypotheses.

H1 (Power-law scaling). If the sub-20 M regime follows the same scaling form as larger mod-
els, then log(error rate) vs. log(N) should be approximately linear across ≥2 orders of mag-
nitude. We consider the hypothesis unsupported if R2 < 0.9 or if residuals show systematic
non-monotonic structure.

H2 (Error redistribution). If compression merely adds errors without changing which inputs fail,
then the Jaccard overlap between error sets at different model sizes should remain high. We consider
the hypothesis unsupported if overlap stays above 0.90 across all comparisons.

4.2. Model Families

We use two architecture families to span complementary parameter ranges:

https://doi.org/10.3390/make8050112

https://doi.org/10.3390/make8050112


Mach. Learn. Knowl. Extr. 2026, 8, 112 6 of 16

ScaleCNN.

This is a plain 4-block convolutional network with channels [c, 2c, 4c, 8c], where each
block contains two conv-BN-ReLU layers followed by spatial pooling. The classifier is a
single linear layer. Base channel widths c ∈ {4, 8, 12, 16, 24, 32, 48, 64} yield 8 model sizes
from 22 K to 4.7 M parameters with clean quadratic scaling (N ∝ c2). This architecture was
chosen for its interpretable capacity scaling and absence of structural bottlenecks.

MobileNetV2.

This is the standard inverted-residual architecture [29] with ten width multipliers
m ∈ {0.10, 0.15, 0.25, 0.35, 0.50, 0.75, 1.00, 1.50, 2.00, 3.00}, yielding 10 model sizes from
214 K to 19.8 M parameters. The first convolutional layer’s stride is reduced from 2 to 1 to
accommodate CIFAR-100’s 32 × 32 input resolution.

Together, the two families provide 18 configurations spanning 22 K to 19.8 M parame-
ters (nearly three orders of magnitude). Table 1 summarizes the experimental grid.

Table 1. Experimental configurations: 18 model sizes × 5 seeds = 90 runs.

Architecture Size Parameter Configs Param Range

ScaleCNN Base channels c ∈ {4, 8, . . . , 64} 8 22 K–4.7 M
MobileNetV2 Width mult. m ∈ {0.10, . . . , 3.00} 10 214 K–19.8 M

Total 18 22 K–19.8 M

4.3. Dataset: CIFAR-100

We evaluate on CIFAR-100, which provides 50,000 training images and 10,000 test
images across 100 balanced classes at 32 × 32 resolution. CIFAR-100 was chosen because
(a) its 100 fine-grained classes create meaningful per-class variation, enabling the class
triage analysis; (b) its moderate training set size creates natural saturation behavior at the
upper end of our parameter range; and (c) it is a widely used benchmark in the TinyML
and model compression literature.

4.4. Training Protocol

All models within an architecture family share identical training hyperparameters:
SGD with momentum 0.9, weight decay 5 × 10−4, cosine annealing from 10−1 to 10−5

over 200 epochs, batch size 128, and data augmentation (random crop with padding 4,
horizontal flip, Cutout [30] with 8 × 8 patches). Each configuration is trained with five
random seeds (0–4). All results report mean ± standard deviation across seeds.

4.5. Measurements

At each operating point, we measure

• Performance: Top-1 accuracy, top-5 accuracy, per-class accuracy vector (100 values).
• Error characterization: Per-sample correct/incorrect mask (for Jaccard overlap com-

putation), per-class error rates, Gini coefficient of per-class accuracy.
• Calibration: Expected calibration error (ECE, 15 bins), mean confidence on correct

and incorrect predictions.

Evaluation uses the trained model at epoch 200 (no early stopping or best-checkpoint
selection) to ensure all models are compared at the same training budget.
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5. Results
5.1. Power-Law Scaling

Figure 2 plots top-1 error rate vs. parameter count on log–log axes for both architecture
families. Both exhibit approximate power-law behavior:

ScaleCNN: error ∼ N−0.156, R2 = 0.965 (7)

MobileNetV2: error ∼ N−0.106, R2 = 0.914 (8)
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Figure 2. (a) Log–log plot of top-1 error rate vs. parameter count for ScaleCNN (blue) and Mo-
bileNetV2 (red). Error bars: ±1 std across 5 seeds. Dashed lines: power-law fits. (b) Residuals from
the power-law fit showing systematic curvature (broken power law).

ScaleCNN scales 47% more efficiently per parameter than MobileNetV2, despite the
latter being engineered for inference efficiency. We attribute the gap to MobileNetV2’s
structural overhead: depthwise separable convolutions, expansion layers, and bottleneck
projections consume parameters without proportionally increasing representational capac-
ity at small widths.

For reference, Kaplan et al. [1] reported α ≈ 0.076 for large language models and
Hestness et al. [5] reported α ≈ 0.07–0.12 for vision models above 1 M parameters. Our
error-rate exponents are numerically larger; however, because those prior works fit power
laws to cross-entropy loss rather than error rate, and the two metrics are nonlinearly related,
the numerical comparison is only approximate. Our own data illustrate this divergence:
the training-loss exponent for ScaleCNN (αtrain = 0.84, R2 = 0.924) is ∼5× the error-rate
exponent (0.156), which shows that exponents are metric-dependent. Figure 3 shows
the training loss scaling across all five seeds for both architectures, demonstrating stable
power-law behavior with low cross-seed variance (std < 0.04 at all operating points).
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Training Loss Scaling Law (5 seeds per configuration)

Figure 3. Training loss scaling law across five seeds per configuration. Individual seeds are shown
as faint dots; means ± std are plotted with error bars. (a) ScaleCNN: αtrain = 0.84 (R2 = 0.924).
(b) MobileNetV2: αtrain = 0.30 (R2 = 0.986). The low cross-seed variance confirms algorithmic
stability across the full parameter range.
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Table 2 provides the full results.

Table 2. Full results: 90 runs (5 seeds each). Accuracy is top-1 on CIFAR-100 test set.

Arch Config Params MACs (M) Accuracy (%) ECE

ScaleCNN c = 4 21,936 1.8 41.71 ± 0.45 0.013
c = 8 80,348 7.0 56.73 ± 0.40 0.037
c = 12 175,336 15.5 62.91 ± 0.17 0.059
c = 16 306,900 27.4 66.49 ± 0.23 0.073
c = 24 679,756 61.2 70.05 ± 0.29 0.098
c = 32 1,198,916 108.6 71.81 ± 0.33 0.110
c = 48 2,676,148 243.8 73.82 ± 0.28 0.102
c = 64 4,738,596 433.0 75.32 ± 0.22 0.082

MobNetV2 m = 0.10 214,180 5.3 51.91 ± 0.42 0.016
m = 0.15 262,596 8.1 55.99 ± 0.37 0.021
m = 0.25 366,212 14.5 57.17 ± 0.38 0.023
m = 0.35 524,228 22.8 60.52 ± 0.52 0.033
m = 0.50 815,780 40.1 63.21 ± 0.34 0.038
m = 0.75 1,483,524 78.6 65.92 ± 0.98 0.045
m = 1.00 2,351,972 131.4 67.00 ± 1.16 0.053
m = 1.50 5,129,252 280.3 69.34 ± 0.23 0.058
m = 2.00 8,953,188 490.7 70.01 ± 0.12 0.059
m = 3.00 19,803,748 1089.2 70.15 ± 0.28 0.072

As an illustrative comparison, ScaleCNN at c = 64 (4.7 M parameters, 75.32% accu-
racy) outperforms MobileNetV2 at m = 3.0 (19.8 M parameters, 70.15% accuracy) by over
5 percentage points with 4.2× fewer parameters. At this dataset scale, the plain convolu-
tional architecture achieves higher parameter efficiency than the architecture specifically
designed for efficient inference.

5.2. Broken Power Law: Local Exponent Decay

A single exponent summarizes the full range but hides structure. Figure 4 shows what
happens when we compute the local scaling exponent αlocal as the finite-difference slope
between adjacent model sizes: it decays with scale.
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Figure 4. Local scaling exponent αlocal vs. parameter count. ScaleCNN shows smooth monotonic
decay from 0.23 to 0.10. MobileNetV2 shows oscillatory behavior followed by collapse to 0.006. The
Kaplan et al. [1] reference exponent (α ≈ 0.076) is shown as a dashed line.

ScaleCNN exhibits smooth, monotonic decay: the local exponent falls from 0.23 in
the tiny regime (<100 K parameters) to 0.10 near 5 M parameters, approaching the range
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reported for larger vision models. This is consistent with a smoothly bending power law
(the BNSL framework of Caballero et al. [10]) rather than a sharp regime change.

MobileNetV2 behaves differently. The local exponent oscillates wildly at small widths,
jumping from 0.44 (m = 0.10 → 0.15) down to 0.08 (m = 0.15 → 0.25) and back up to
0.23 (m = 0.25 → 0.35). We initially thought this was a seed variance artifact and reran
the smallest MobileNetV2 configurations, but the pattern was stable across all five seeds
(standard deviation of accuracy < 0.52% at each width). We attribute this oscillation to the
inverted-residual bottleneck structure. Table 3 lists the narrowest bottleneck dimension
⌊16 · m⌋ for each width multiplier:

Table 3. MobileNetV2 first-layer bottleneck dimension ⌊16 · m⌋, local exponent αlocal, and final
training loss drop ∆Ltrain for adjacent transitions.

Width m 0.10 0.15 0.25 0.35 0.50

Bottleneck dim 1 2 4 5 8
αlocal — 0.44 0.08 0.23 0.15
∆Ltrain — −0.31 −0.08 −0.19 −0.12

At m = 0.10, the narrowest bottleneck layers have only one channel, so the
m = 0.10 → 0.15 transition doubles the bottleneck from one to two channels, producing
a disproportionately large capacity gain (αlocal = 0.44, ∆Ltrain = −0.31). At m = 0.25, the
bottleneck reaches four channels, wide enough that further widening mainly adds redun-
dant parameters in the expansion layers, temporarily flattening the exponent (αlocal = 0.08,
∆Ltrain = −0.08). Above m = 0.50 (bottleneck ≥8), all layers are wide enough that struc-
tural effects wash out, and the exponent declines monotonically toward zero.

In the tiny-model regime (<100 K parameters), scaling is 2.5–3× steeper than in
the standard regime, indicating that each added parameter buys more accuracy at the
smallest scales.

5.3. MobileNetV2 Saturation: The Data Wall

The final MobileNetV2 data points reveal complete architectural saturation on CIFAR-
100, summarized in Table 4.

Table 4. MobileNetV2 transition-by-transition accuracy gains and local exponents at the upper end of
the parameter range, illustrating the data wall at m ≥ 2.0.

Transition Accuracy Gain αlocal Regime

m = 1.0 → 1.5 +2.34% 0.094 Normal scaling
m = 1.5 → 2.0 +0.67% 0.040 Diminishing returns
m = 2.0 → 3.0 +0.14% 0.006 Saturation

Doubling from 9 M to 20 M parameters yields only 0.14% accuracy gain (αlocal = 0.006),
effectively zero. At m = 3.0, the parameter-to-sample ratio is 396:1, and the model is mas-
sively overparameterized for CIFAR-100’s 50 K training set. This saturation is not observed
in ScaleCNN at comparable parameter counts (c = 48 → 64 still shows αlocal = 0.10 at 4.7 M
parameters), suggesting the saturation is architecture-specific: MobileNetV2’s depthwise
separable design hits a capacity ceiling earlier than a simple ConvNet on this dataset.

5.4. Error Redistribution

The scaling exponent tells us how much worse a smaller model gets. It says nothing
about how it gets worse, and in practice the “how” matters more. Shrinking a model does
not simply raise the error count; it rearranges the set of inputs that fail.

https://doi.org/10.3390/make8050112

https://doi.org/10.3390/make8050112


Mach. Learn. Knowl. Extr. 2026, 8, 112 10 of 16

We compute the Jaccard index between error sets of each model and the largest model
in its architecture family across all five seeds. Figure 5 shows the result.
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Figure 5. Jaccard overlap between error sets of each model and the largest model in its family, plotted
against parameter count (log scale, two panels). The left panel (a) shows ScaleCNN (c = 4 vs. c = 64
yields Jaccard = 0.35); the right panel (b) shows MobileNetV2, where overlap stabilizes above m = 1.5
as the architecture saturates. Adjacent model sizes share 65–72% of errors in both families.

The ScaleCNN Jaccard matrix shows that only 36% of errors overlap between the
smallest (c = 4, 22 K params) and largest (c = 64, 4.7 M params) models. A 200×
compression changes the identity of 64% of errors. Adjacent sizes share 65–72% of errors,
showing that error redistribution accumulates gradually across the scaling range.

Cross-architecture analysis shows that two different architectures at similar parameter
counts make more similar errors than the same architecture at different sizes. Table 5 presents
the cross-architecture Jaccard overlaps at matched parameter counts, averaged across all
five seeds, confirming that scale drives error patterns more than architecture choice.

Table 5. Cross-architecture Jaccard overlap at matched parameter counts (mean ± std across 5 seeds,
ratio < 2×). Cross-architecture overlap at similar sizes exceeds within-architecture overlap across
distant sizes, indicating that scale drives error patterns more than architecture choice.

ScaleCNN MobileNetV2 CNN Params Mob Params Jaccard

c = 12 m = 0.10 175 K 214 K 0.553 ± 0.004
c = 16 m = 0.15 307 K 263 K 0.528 ± 0.002
c = 16 m = 0.25 307 K 366 K 0.533 ± 0.002
c = 24 m = 0.35 680 K 524 K 0.508 ± 0.006
c = 24 m = 0.50 680 K 816 K 0.515 ± 0.005
c = 32 m = 0.75 1.2 M 1.5 M 0.503 ± 0.009
c = 48 m = 1.00 2.7 M 2.4 M 0.491 ± 0.005
c = 48 m = 1.50 2.7 M 5.1 M 0.496 ± 0.004
c = 64 m = 1.00 4.7 M 2.4 M 0.476 ± 0.008
c = 64 m = 1.50 4.7 M 5.1 M 0.482 ± 0.004
c = 64 m = 2.00 4.7 M 9.0 M 0.488 ± 0.003

Mean cross-arch Jaccard 0.507 ± 0.005
Mean within-arch adjacent Jaccard (ScaleCNN) 0.567 ± 0.022
Mean within-arch adjacent Jaccard (MobileNetV2) 0.617 ± 0.033

The MobileNetV2 saturation effect is visible in the Jaccard data: m = 2.0 and
m = 3.0 have nearly identical cross-architecture overlap values (e.g., vs. ScaleCNN c = 64:
0.488 ± 0.003 vs. 0.482 ± 0.004), which means doubling parameters changes almost nothing
about the error pattern once saturation is reached. The low standard deviations across
seeds (0.002–0.009) confirm that error redistribution is a stable structural phenomenon, not
an artifact of random initialization.
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5.5. Class Triage: The Fairness Cost of Compression

Small models develop an extreme triage strategy: they concentrate representational
capacity on easy classes and all but abandon the hardest ones. Figures 6 and 7 quantify
this effect.

0 20 40 60 80
CIFAR-100 Class (sorted by difficulty, hardest left)

c=4

c=8

c=12

c=16

c=24

c=32

c=48

c=64

Sc
al

eC
NN

 C
on

fig
ur

at
io

n

Per-Class Accuracy Across Model Sizes (ScaleCNN)

0.0

0.2

0.4

0.6

0.8

1.0

Pe
r-C

la
ss

 A
cc

ur
ac

y

Figure 6. Per-class accuracy heatmap for ScaleCNN (classes sorted by difficulty, hardest left). Small
models show extreme variation: near-zero accuracy on the hardest classes, near-80% on the easiest.
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Figure 7. (a) Gini coefficient of per-class accuracy vs. model size. Small models exhibit high inequality
(Gini = 0.26), which drops to 0.09 as models grow. (b) Mean accuracy of the hardest 5, 10, and
20 classes. Bottom-5 accuracy rises from 10% to 53% with scale.

The Gini coefficient drops 3× as models grow from 22 K to 4.7 M parameters
(ScaleCNN: 0.257 → 0.087), indicating that larger models distribute accuracy more uni-
formly across classes. The gains from additional parameters are concentrated in the hardest
classes: bottom-5 accuracy improves 5× (10.2% → 52.6%) while top-5 accuracy improves
only 1.2× (78.3% → 94.0%).

MobileNetV2 shows the same pattern with saturation: m = 2.0 → 3.0 yields only 0.9%
gain in bottom-5 accuracy and negligible Gini change (0.107 → 0.105).

For deployment, this means that a model compressed to fit on a microcontroller will
sacrifice rare-class performance first. If those rare classes correspond to safety-critical
categories (e.g., unusual medical conditions, rare traffic scenarios), this degradation will
not be captured by aggregate accuracy metrics.

5.6. Calibration Inversion

Figure 8 presents the relationship between ECE and model size.
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Figure 8. Expected Calibration Error (ECE) vs. model size. ScaleCNN shows an inverted-U pattern
with peak miscalibration at c = 32 (1.2 M params). MobileNetV2 shows monotonically increasing
ECE with a jump at the saturated m = 3.0. The smallest models in both families register the lowest
ECE values, although this partly reflects a global-mean matching artifact (Section 5.6).

The two architectures show different calibration trajectories:

• ScaleCNN: An inverted-U pattern. ECE rises from 0.013 (c = 4) to a peak of 0.110
(c = 32, 1.2 M parameters), then recovers to 0.082 (c = 64, 4.7 M parameters). Mid-
sized models are the most miscalibrated.

• MobileNetV2: Monotonically increasing ECE from 0.016 (m = 0.10) to 0.072 (m = 3.0).
At the saturated m = 3.0 endpoint, ECE jumps upward even though accuracy barely
changes; the model grows more overconfident without becoming more capable (cf.
Section 5.3).

Despite their low accuracy, the smallest models register the lowest ECE values in
both families. A 22 K-parameter ScaleCNN with 42% accuracy (ECE = 0.013) yields a
numerically lower calibration error than a 1.2 M-parameter model with 72% accuracy
(ECE = 0.110). However, this advantage is partly an artifact of global-mean matching: small
models produce near-uniform confidence distributions concentrated close to the average
accuracy, which lowers ECE without implying well-calibrated per-bin estimates. With this
caveat in mind, confidence scores from very small models may still be useful for rejection
or deferral decisions in practice, but a low ECE alone should not be interpreted as evidence
of fine-grained calibration in this regime.

6. Discussion
6.1. Reconciling Theory and Measurement

The spectral capacity theory (Section 3) correctly predicts the functional form and qual-
itative architecture dependence of the scaling exponent. Direct measurement of the CIFAR-
100 eigenspectrum yields βCIFAR = 1.45 (R2 = 0.996), resolving the 2–3× gap that appeared
when using literature estimates for natural images at native resolution (β ≈ 1.1). With the
measured β, the back-calculated rank efficiency exponents (γCNN = 0.35, γMobNet = 0.24)
are physically plausible: both are below the theoretical bound of γ = 0.5, and the ordering
reflects the greater structural overhead of MobileNetV2’s depthwise separable design. The
remaining open question is whether γ can be measured independently from the stable
rank of intermediate activations; doing so would make the spectral capacity framework
fully predictive.
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6.2. Architecture Dependence

For very small parameter budgets (<500 K), our data suggest that plain convolu-
tional architectures outperform efficient designs like MobileNetV2. The 47% exponent gap
(αCNN = 0.156 vs. αMobNet = 0.106) reflects structural overhead: MobileNetV2’s depthwise
separable layers, 1 × 1 bottleneck projections, and expansion layers consume parameters
without proportionally increasing representational capacity at small widths. This over-
head washes out at large widths (MobileNetV2 was designed for efficient inference on
ImageNet-scale models) but becomes a significant capacity penalty in the sub-1 M regime.
Practitioners targeting microcontroller deployment may be better served by plain convolu-
tions, reserving inference-optimized architectures for budgets where their computational
efficiency advantage outweighs the capacity cost.

6.3. Implications for Edge Deployment

A common approach in edge deployment is to train a large model, compress it, verify
that aggregate accuracy remains acceptable, and deploy. Our error redistribution results
suggest this workflow is insufficient. With Jaccard overlap as low as 0.35 between the
smallest and largest models, the error behavior of a large model is not predictive of which
inputs the compressed model will misclassify. Validation must therefore occur at the target
deployment size.

The cross-architecture Jaccard data reinforce this point: at matched parameter counts,
a different architecture predicts deployment-time failure modes better than the same
architecture at a larger size. The MobileNetV2 saturation data add a related caution: scaling
beyond m = 1.5 on CIFAR-100 yields negligible accuracy gains while increasing ECE, so
model capacity should be matched to dataset size.

6.4. Class-Level Disparities Under Capacity Constraints

Compression imposes a measurable cost on class-level fairness. At 22 K parameters,
the per-class accuracy Gini is 0.257, meaning a substantial fraction of classes are largely
neglected. As the model grows to 4.7 M parameters, the Gini drops to 0.087, and accuracy
gains flow disproportionately to the hardest classes.

The concern is sharpest in domains where rare classes carry outsized importance, such
as uncommon conditions in medical imaging or unusual road scenarios in autonomous
driving. Our data shows that small models degrade most on exactly these categories. This
is expected: SGD on cross-entropy loss allocates capacity roughly in proportion to class
frequency, so rare classes are learned last and forgotten first under capacity constraints.

7. Limitations
The clearest limitation is scope: all results come from a single dataset (CIFAR-100,

32 × 32, 50 K training images, 100 balanced classes) and two architectures. The largest
model has a parameter-to-sample ratio of 396:1, so the upper end of our range is partially
a study of overfitting rather than pure capacity scaling. The TinyML architecture zoo is
much larger than what we test (binary networks, NAS-derived architectures, and tiny
vision transformers may behave differently), and our findings may not transfer to higher-
resolution datasets or other modalities like audio.

A related concern is that we scale by width only. Depth is held fixed (4 blocks
for ScaleCNN, 17 for MobileNetV2), so parameters, FLOPs, and activation memory are
perfectly correlated in our experiments. We cannot disentangle capacity effects from
compute effects. On the training side, our convergence criterion (loss change <1% in
the last 20 epochs) flagged most runs as not fully converged, likely an artifact of the
cosine learning rate schedule. Convergence spot checks on ScaleCNN (c ∈ {4, 32, 64})
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confirmed that accuracy plateaus before epoch 200. We performed analogous checks
on representative MobileNetV2 configurations (m ∈ {0.10, 1.00, 3.00}): m = 0.10 and
m = 1.00 show clear accuracy plateaus by epoch 180, while m = 3.0 (19.8 M parameters)
shows continued slow improvement in training loss through epoch 200, consistent with its
massively overparameterized regime (396:1 parameter-to-sample ratio). The test accuracy
for m = 3.0 stabilizes by epoch 160 (final 40 epochs: ∆accuracy < 0.1%), confirming
that the saturation finding in Section 5.3 reflects a genuine capacity ceiling rather than an
optimization artifact. The 200-epoch budget is standard for CIFAR-100, but some of the
scaling behavior may reflect optimization dynamics rather than pure capacity.

The theoretical framework still has a gap: while we now measure β directly from
the CIFAR-100 eigenspectrum, γ remains back-calculated from the measured exponents
rather than measured independently. The theory–measurement reconciliation in Section 3.4
is therefore a partial validation rather than a fully independent prediction. For the error
redistribution results, the Jaccard overlap of 0.35 is partly a consequence of the 33-point
accuracy gap between the smallest and largest models; even with maximal subset con-
tainment, the Jaccard would be bounded near 0.58, so the effect is real but its magnitude
is inflated. Finally, with only 8 (ScaleCNN) and 10 (MobileNetV2) data points, we can-
not rigorously discriminate between a power law and other smooth functions (log-linear,
stretched exponential, BNSL). Proper model selection via AIC/BIC with denser sampling
would be needed to settle the functional form.

8. Conclusions
Neural scaling laws do extend to the sub-20 M parameter regime. Across 90 runs

on CIFAR-100, both ScaleCNN and MobileNetV2 follow approximate power laws with
error-rate exponents of α = 0.156 and 0.106, respectively. The scaling is not uniform:
local exponents decay from 0.23 in the tiny regime toward 0.10 at the upper end, and
MobileNetV2 saturates at 19.8 M parameters (αlocal = 0.006) while ScaleCNN continues
to improve.

For practitioners, the more important result is what happens to the error distribution.
Reducing model size changes which inputs are misclassified: the Jaccard overlap between
the smallest and largest ScaleCNN error sets is only 0.35. Small models concentrate their
capacity on easy classes (Gini 0.26 → 0.09) and sacrifice the hardest ones (bottom-5 class
accuracy 10% → 53%). The smallest models also achieve the lowest ECE (0.013), opposite
to the expected trend, though this partly reflects a global-mean matching artifact, as
these models produce near-uniform confidence distributions rather than well-calibrated
per-bin estimates.

On CIFAR-100, the bottom line for edge deployment is that aggregate accuracy does
not tell you enough. The error distribution of a compressed model differs qualitatively
from that of a larger model, and evaluation at the actual deployment size is essential. These
findings are based on a single dataset (CIFAR-100) and two architectures; whether the
specific exponents and redistribution patterns generalize to other datasets, resolutions, and
model families is an open question that we highlight as the most important direction for
future work.

9. Future Work
The most obvious gap in this study is dataset coverage. CIFAR-10 (fewer classes), Tiny

ImageNet (200 classes, 64 × 64, more training data), and Speech Commands v2 (audio, a
standard TinyML benchmark) would test whether the scaling exponents and error redistri-
bution patterns we observe are specific to CIFAR-100 or reflect something more general
about the small-model regime. Extending to EfficientNet-Lite, tiny vision transformers,
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and NAS-derived architectures would clarify whether the architecture-dependence finding
holds broadly. With denser sampling of model sizes, it would also be possible to do proper
model selection (AIC/BIC) to distinguish between a power law, a broken power law, and
other candidate functional forms.

It is also worth testing whether error redistribution generalizes beyond width scaling.
Applying structured pruning and post-training quantization to the trained models from
this study would reveal whether all forms of capacity reduction produce the same kind
of error rearrangement, or whether width scaling is a special case. Evaluating the same
models on CIFAR-100-C [31] would test whether robustness degrades smoothly or shows
sharper collapses at particular model sizes.

The remaining theoretical gap is measuring γ independently from the effective rank of
trained networks, which would make the spectral capacity framework fully predictive. On
the applied side, measuring inference latency, energy, and peak RAM on Cortex-M4/M7
hardware would connect scaling behavior to the deployment metrics that practitioners
actually optimize for.
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