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Abstract

Post-training quantization (PTQ) of large lan-
guage models (LLMs) reduces memory usage
and accelerates inference while maintaining ac-
curacy. However, it remains unclear how to se-
lect a quantization scheme that achieves target
accuracy across different model scales. We in-
troduce two parameters to characterize this: the
quantization ratio Qr (proportion of parameters
quantized to low precision) and the block size
Qb (number of parameters sharing a scaling
factor). Based on extensive experiments across
multiple LLM families and scales, as well as
diverse quantization schemes, we propose a
unified scaling law that predicts quantization-
induced loss degradation as a function of Qr,
Qb, and model size. Our scaling law reveals
two practical implications within the calibrated
regime: (1) larger models tolerate higher Qr,
making mixed-precision increasingly effective
at scale; (2) the absolute loss benefit of finer
block granularity diminishes with model size,
informing the trade-off between quantization er-
ror and hardware overhead. These findings pro-
vide a principled recipe for quantizing LLMs
in practical deployment.

1 Introduction
The rapid scaling of large language models (LLMs)
to hundreds of billions of parameters has made
efficient deployment increasingly challenging (An-
thropic, 2025; OpenAI, 2025; DeepMind, 2025).
This growth has motivated research on scaling laws,
which characterize the optimal trade-off between
parameter count and training tokens under a fixed
compute budget (Kaplan et al., 2020; Hoffmann
et al., 2022).

However, existing scaling laws primarily char-
acterize training-time compute optimality, leaving
the inference and deployment side under-explored
even as quantization becomes the dominant tool
for reducing inference cost (Lin et al., 2024; Chee

*Equal contribution.
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Figure 1: Visualization of mixed-precision scaling law. Loss
degradation δ decreases with model size N , but increases with
quantization ratio Qr . The fitted parameters are obtained from
experiments on the Qwen-3 models with block size Qb = 32.

et al., 2024; Ashkboos et al., 2024; Zhu et al., 2024).
Recent work on precision scaling (Kumar et al.,
2024) models uniform-precision degradation, but
how mixed post-training quantization (PTQ) inter-
acts with model scale and configuration remains
poorly understood.

In practice, LLM quantization often employs
mixed-precision schemes rather than uniform low-
bit arithmetic (Frantar et al., 2022), partly because
pre-trained transformers exhibit magnitude outliers
in weights and activations (Gu et al., 2024) that are
commonly handled by assigning higher precision
to outliers while quantizing the rest to lower pre-
cision (Dettmers et al., 2022; Zhang et al., 2023;
Dettmers et al., 2023). Recent hardware advances
further enable such strategies: NVIDIA’s Black-
well GPUs introduce compact MXFP formats (4-bit
and 6-bit) with block-wise scaling (Tirumala and
Wong, 2024), where a block of Qb values shares a
common scaling factor (Fig. 2), making both high-
and low-precision arithmetic efficient on silicon.
This motivates a scaling law for mixed-precision
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Figure 2: MXFP block with Qb values sharing one scale.
A larger block size Qb shares one scale across more values,
reducing scale overhead but typically increasing quantization
error due to a coarser dynamic-range fit.

quantization.
This raises a largely unexplored question: How

should the ratio of low-precision elements and the
block granularity in mixed quantization scale with
model size?

To make this question precise, we parametrize
mixed quantization by two factors: the ratio of low-
precision parameters (Qr) and the block granularity
(Qb). We focus on the post-training quantization
setting and evaluate across multiple LLM families,
covering both weight-only and weight-activation
quantization.

For a model with N parameters trained on D
tokens, different assignments of low- and high-
precision parameters induce different inference
losses. We model this loss as the standard Chin-
chilla scaling form (Hoffmann et al., 2022) plus a
quantization-induced degradation term δ:

L(N,D,Qr, Qb) = aN−α + bD−β + E︸ ︷︷ ︸
Chinchilla form

+ δ(N,Qr, Qb)︸ ︷︷ ︸
Quantization loss

,
(1)

where δ is treated as a random variable over the
space of mixed-precision configurations satisfying
(Qr, Qb).

In this work, we find that both the optimal and
expected quantization loss degradation follow a
unified multiplicative scaling law:

δ(N,Qr, Qb) = C · eAQr︸ ︷︷ ︸
ratio

·N−γN︸ ︷︷ ︸
size

· (Qb + d)γc︸ ︷︷ ︸
granularity

,

(2)
where A, γN , γc, d, and C are fitted constants. Ac-
cording to this scaling law, larger models exhibit
smaller quantization degradation due to the N−γN

term, enabling them to tolerate higher quantiza-
tion ratios Qr without significant performance loss.
Meanwhile, the absolute loss gap between block

sizes shrinks with N , so finer granularity provides
less absolute benefit for larger models under a fixed
loss budget. The relative block-size effect in our
separable form remains independent of N .

We make the following contributions:
• We propose a unified scaling law that models

quantization loss as a function of model size,
mixed-precision ratio, and block granularity.

• We prove our formulation recovers the Preci-
sion Scaling Law of Kumar et al. (2024) as a
special case.

• We validate across 17 models (60M–8B for
the main fits, with extrapolation to 32B in Ap-
pendix H) and multiple quantization methods
over 115,500 checkpoints, and derive practical
mixed-precision guidelines.

Our analysis reveals that the mixed-quantization
ratio is the primary driver of quantization loss,
while finer block granularity exhibits diminishing
returns as model size increases.

2 Preliminary
2.1 Setup and Notation
Mixed-precision quantization assigns different pre-
cisions to different subsets of model parameters.
We consider partitioning the weight matrices into
a low-precision set Wl (e.g., 4-bit) and a high-
precision set Wh (e.g., 16-bit), and define the
mixed-quantization ratio as

Qr(Wl,Wh) :=
∥Wl∥0

∥Wl∥0 + ∥Wh∥0
, (3)

where ∥ ·∥0 denotes the number of parameters. The
block granularity Qb is the number of values per
quantization block that share a common scaling
factor; smaller Qb enables finer-grained quantiza-
tion but increases overhead. Given a target pair
(Qr, Qb), multiple valid partitions (Wl,Wh) exist.
Since different partitions induce different inference
losses, we treat the quantization loss as a random
variable over this configuration space.

2.2 Chinchilla and Precision Scaling Laws
The Chinchilla scaling law (Hoffmann et al., 2022)
characterizes how language model loss scales with
model size and training data. For a model with N
parameters trained on D tokens, the loss L follows

L(N,D) = aN−α + bD−β + E , (4)

where a, b, α, β, and E are positive constants.
The Precision Scaling Law (Kumar et al., 2024)

extends this to post-training quantization. Let
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Ptrain = (Pw, Pa, Pkv) denote the training preci-
sions for weights, activations, and KV-cache, re-
spectively. When the model is trained at preci-
sion Ptrain but evaluated at a lower precision Ppost,
Eq. (4) becomes

L(N,D,Ptrain, Ppost) = aN−α
eff + bD−β + E

+ δ(Neff,Ptrain, Ppost),
(5)

where Neff is the effective parameter count adjusted
for training precision, and δ(·) is the loss degrada-
tion induced by post-training quantization. Both
terms are detailed in Kumar et al. (2024).

3 Mixed Quantization Scaling Laws

The Precision Scaling Law (Eq. (5)) assumes uni-
form precision across all weights. To extend to
mixed-precision quantization, we introduce the
quantization ratio Qr and block granularity Qb de-
fined in Sec. 2; Qr acts as a global budget that al-
lows per-layer heterogeneity through the partition
search, with empirical support in Appendix B.1.

For fixed (N,Qr, Qb), multiple valid partitions
(Wl,Wh) exist, each yielding a different quantiza-
tion loss. We treat the partition as a random vari-
able over the configuration space, so δ(N,Qr, Qb)
becomes a random variable whose distribution de-
pends on (N,Qr, Qb). Accordingly, Eq. (5) be-
comes

L(N,D,Qr, Qb) = aN−α + bD−β + E

+ δ(N,Qr, Qb).
(6)

Since the first three terms are independent of
the partition, minimizing L reduces to minimiz-
ing δ. We study two summary statistics of this
distribution: (1) the optimal quantization loss
δopt(N,Qr, Qb) = min(Wl,Wh) δ, representing the
best achievable performance, and (2) the expected
loss E[δ(N,Qr, Qb)] over random partitions, rep-
resenting average performance.

The number of candidate partitions grows com-
binatorially with model size, making exact opti-
mization intractable. Instead, we uniformly sam-
ple partitions by randomly assigning a precision
to each network component (i.e., layer or weight
matrix). We estimate E[δ] via the sample mean δµ,
and approximate δopt by the minimum over sam-
pled partitions. Empirically, we find that even a
modest number of samples suffices to characterize
the distribution of δ (see Appendix B).

No fine-tuning is performed after quantization,
so δ reflects the immediate degradation from post-

training quantization. In Sec. 4, we show that both
δopt(N,Qr, Qb) and E[δ(N,Qr, Qb)] follow pre-
dictable scaling laws as functions of N , Qr, and
Qb.

3.1 Proposed Scaling Law

We hypothesize that model size, quantization ratio,
and block granularity affect the loss degradation
independently:

• Parameter scaling: For fixed Qr and Qb, δ
decreases polynomially in number of parame-
ters N .

• Ratio scaling: For fixed N and Qb, δ in-
creases exponentially in Qr.

• Granularity scaling: For fixed N and Qr, δ
increases polynomially in Qb.

Like prior language-model scaling laws, our
functional form is an empirical hypothesis rather
than a mechanistic derivation. Its structure is nev-
ertheless motivated by two limiting cases and the
observed log-linear trends: quantization errors ac-
cumulated across additional low-precision com-
ponents approximately compound, making log δ
roughly linear in Qr and motivating eAQr ; the poly-
nomial dependence on N follows precision scaling.
The multiplicative composition reduces to the pre-
cision scaling form at Qr = 0 and to the weak
law when Qb is fixed. The resulting separability is
an approximation supported within our measured
regime; explicit interaction terms remain an open
direction.

Based on these observations, we propose two
forms of the scaling law. We refer to these as the
weak and strong forms: the weak form holds Qb

fixed, while the strong form models the dependence
on Qb explicitly. We validate this scaling law em-
pirically in Sec. 4.

3.2 Weak Scaling Law

We first consider the case where block size Qb is
fixed, and model the loss degradation as a function
of model size N and quantization ratio Qr.
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Weak Scaling Law

For a fixed quantization block size Qb and quantiza-
tion method, the optimal and expected loss degrada-
tion scale as:

δopt(N,Qr) = CeAQrN−γN , (7)

E[δ(N,Qr)] = C ′eA
′QrN−γ′

N , (8)
where C, C ′, A, A′, γN , γ′

N are constants depending
on the block size, quantization method, and model
family.

We use unified throughout the paper to refer
to the shared parametric form above: the same
functional structure applies across quantization
methods, model families, and granularities, while
the coefficients themselves are setting-specific and
should be calibrated per (model family, quantiza-
tion method) pair. The practical value is therefore
that of a sample-efficient calibration tool — fit-
ting a small number of coefficients on a few small
checkpoints, rather than a single universal predictor
with family-agnostic constants.

We interpret eAQr and N−γN as the quantization
scaling effect and parameter scaling effect, respec-
tively. Our scaling law extends the precision scal-
ing law in Eq. (5). When Qr = 0, all weights use
high precision, so the quantization scaling effect
reduces to a constant absorbed into C. The param-
eter scaling effect N−γN is consistent with prior
work (Kumar et al., 2024), which also observed
polynomial dependence on model size.

The weak scaling law reveals a trade-off between
model size and quantization ratio: while δopt in-
creases exponentially with Qr, a larger N can com-
pensate for this degradation. Fixing a loss budget
δopt = l, we obtain:

log(N) = A′′Qr + C ′′ , (9)

where A′′ = A/γN and C ′′ = (log(C) −
log(l))/γN . This shows that larger models can
tolerate higher quantization ratios for the same
loss budget, consistent with empirical findings in
AWQ (Lin et al., 2024), QuIP (Chee et al., 2024),
and LQER (Zhang et al., 2024). Equivalently, for a
fixed quantization ratio, larger models suffer less
degradation.

3.3 Strong Scaling Law
The weak scaling law suffices when only N and
Qr vary. To capture the effect of block granularity
Qb, we introduce the strong scaling law, where the
granularity scaling effect is independent of N and
Qr.

Strong Scaling Law

For a fixed quantization method, the optimal and
expected loss degradation scale as:

δopt(N,Qr, Qb) = CeAQrN−γN (Qb+d)γb , (10)

E[δ(N,Qr, Qb)] = C ′eA
′QrN−γ′

N (Qb + d′)γ
′
b ,
(11)

where all coefficients depend on the quantization
method.

When Qb is fixed, the granularity term (Qb +
d)γb becomes a constant and can be absorbed into
C, reducing to the weak scaling law.

4 Experiments

4.1 Setup
Models, data, and evaluation metrics. We eval-
uate models from the LLaMA (Touvron et al.,
2023; Dubey et al., 2024), Qwen-1.5 (Bai et al.,
2023), and Qwen-3 (Yang et al., 2025) families,
with sizes ranging from 0.5B to 8B for the main
scaling-law fits; we additionally validate the fit-
ted law on 13B–32B checkpoints in Appendix H.
To enable extrapolation from small-scale models,
we also pretrain a series of LLaMA-like models
with N ∈ {60M, 200M, 400M, 600M, 1.1B} pa-
rameters on FineWeb (Lozhkov et al., 2024), fol-
lowing the Chinchilla scaling law. We refer to
these as the CLM series; details are in Appendix A.
For evaluation, we subsample 1000 entries from
SlimPajama (Soboleva et al., 2023), an open-source
pretraining dataset. We report perplexity, the ex-
ponential of cross-entropy loss, on this data, as
pretraining loss better reflects base model quality
than downstream task performance (Dubey et al.,
2024).

Quantization methods. To verify that our scal-
ing laws generalize across data formats, we
use MXINT (Rouhani et al., 2023b), a mi-
croscaling integer format, including MXINT-2
(weight-and-activation) and MXINT-4 (weight-and-
activation and weight-only); HQQ (weight-only,
4-bit, block size 64) (Badri and Shaji, 2023),
a calibration-free quantization method, as low-
precision formats, with BF16 as the high-precision
format; GPTQ (Frantar et al., 2022), a one-shot
post-training weight quantization method based
on approximate second-order information; Mini-
float (Micikevicius et al., 2022), low-bit floating-
point encodings that trade exponent and mantissa
bits for efficiency, with BF16 as the high-precision
format; MXFP (Rouhani et al., 2023a), a block
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floating-point scheme that shares a scaling expo-
nent across small groups of low-bit floats, with
BF16 as the high-precision format.

Mixed quantization strategy. We perform quan-
tization at two granularities: layer-wise and
matmul-wise. In layer-wise quantization, the quan-
tization ratio Qr is determined by the fraction of
transformer layers cast to low precision. In matmul-
wise quantization, we assign precision to each in-
dividual matrix multiplication. For each configura-
tion, we draw 100 random allocations to estimate
the distribution mean and its sample minimum; we
do not claim that this finite random search finds
the combinatorial global optimum. Throughout the
experiments, δopt denotes this sample-minimum
approximation. Appendix B shows that the layer-
wise distribution estimates are stable from 100 to
1000 samples. We do not run the same convergence
sweep for the larger matmul-wise space, although
its consistently high fitting quality provides an em-
pirical check on the resulting statistics. We evaluate
Qr ∈ {0.5, 0.6, 0.7, 0.8, 0.9, 0.95, 0.975}. Note
that each trial only involves post-training quantiza-
tion (PTQ), with no additional training.

Platform and GPU hours. Experiments use a
cluster of DGX A100 nodes (8×40GB), totaling
∼15k A100 GPU hours for PTQ search and an
additional ∼1k H100 GPU hours for CLM pretrain-
ing.

4.2 Experimental Verification of Scaling Laws

We present layer-wise results for CLM, LLaMA,
and Qwen-3, with fitted Qwen-3 parameters in Ta-
ble 1; matrix-multiplication-wise results and Qwen-
1.5 are deferred to Appendix D.

Results for the weak scaling law. Fig. 3 shows
the actual and fitted δopt for layer-wise MXINT-4
quantization on CLM and Qwen-3. The contour
shape matches between actual and fitted losses,
with R2 = 0.98. The scaling law also fits the
expectation E[δ], with R2 = 0.99; corresponding
figures and fitted parameters are in Appendix F.
From Fig. 3, we make the following observation
consistent with our weak law:

Observation 1
As N increases, the quantization ratio Qr can be
increased, which is in agreement with our com-
bined ratio scaling and parameter scaling terms:
eAQrN−γN .

Results for the strong scaling law. As stated
in Sec. 5, recent LLM quantization methods adopt
fine-grained quantization, meaning tensors are split
into small blocks, quantized and then scaled in-
dividually. In this part, we empirically verify
our unified scaling law by performing mixed-
precision quantization search at block size Qb ∈
{16, 32, 64, 128, 256}. We present experiments
on the CLM series with matrix-multiplication-
wise quantization for finer granularity. As shown
in Fig. 4, the contour shape matches between ac-
tual and fitted δopt, with R2 = 0.95. The scaling
law also fits the expectation E[δ], with R2 = 0.98;
corresponding figures and fitted parameters are in
Appendix F. From Fig. 4, we make the following
observation consistent with our strong law:

Observation 2
When the quantization ratio Qr is low, employing
a smaller block size Qb is more effective in mini-
mizing performance degradation, which agrees with
our combined ratio scaling and granularity scaling
terms: eAQr (Qb + d)γc .

In the weak law Qb is fixed, so the granularity
term (Qb + d)γc is a constant folded into C. In the
strong law it is factored out explicitly. Because Qr,
Qb, and N effects are partially entangled during fit-
ting, separating the granularity term re-distributes
weight onto the ratio coefficient A and γN .
Table 1: Fitted scaling-law parameters for Qwen-3 under
MXINT-4 weight-only quantization. We report both the weak
and strong laws for δopt and δµ.

Law Target C A γN d γc

Weak δopt 0.0188 5.9150 1.1251 – –
Weak δµ 0.3990 4.0875 1.9460 – –

Strong δopt 0.0025 8.1566 0.8181 -13.1436 0.6208
Strong δµ 0.0142 4.1025 1.5909 -3.7594 1.6736

4.3 More Quantization Methods

Our default setup uses W–A quantization with
MXINT-4 (Sec. 4.1). We then test whether the
proposed loss-degradation scaling law generalizes
beyond this setting by varying (i) the numeric pre-
cision (MXINT-2 vs. MXINT-4), (ii) the quanti-
zation scheme (W–A vs. weight-only, with 16-bit
activations), and (iii) the quantization method (MX-
INT vs. 4-bit HQQ). As shown in Fig. 5, the scaling
law fits all three settings, but with different fitted
parameters. Changing the precision (MXINT-4 to
MXINT-2) leads to a substantial shift in the fitted
parameters, unlike the behavior predicted by the
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Figure 3: Weak Scaling Law Results. (a, d): Loss degradation vs. model size N for CLM, showing actual (a) and fitted (d)
values. (b, e): Loss degradation vs. quantization ratio Qr for Qwen-3, showing actual (b) and fitted (e) values. (c, f): Fitted vs.
actual values for δopt (c) and E[δ] (f) across all MXINT-4 configurations (layer-wise and matmul-wise) on CLM, Qwen-1.5, and
Qwen-3. The high R2 values in (c, f) confirm that our weak scaling law accurately captures the empirical loss degradation. Full
results are in Appendices C and D.

precision scaling law in Eq. (5). More results are
deferred to Appendix E, including other formats’
(GPTQ, Minifloat, MXFP) results.

Observation 3
Our unified scaling law can be applied to other quan-
tization settings (e.g., WA vs. weight-only, and dif-
ferent numeric formats such as MXINT and HQQ).

4.4 Key Findings
As discussed in Sec. 2.2, our weak scaling law
reduces to the precision scaling law when Qr =
0. The strong scaling law, which adds a quasi-
polynomial term in Qb, remains consistent with the
precision scaling law in the same limit.

Takeaway 1

Across different Qr values, our unified scaling law
agrees asymptotically with the Precision Scaling
Law of Kumar et al. (2024).

To examine the effect of Qr as model size N
varies, we plot Fig. 6a from our unified scaling law
on the CLM series at a fixed δ budget. Beyond
70B, Qr can exceed 0.9 with loss degradation

δ < 0.5.

Takeaway 2

With larger model size, the quantization ratio Qr

can be pushed higher. This is because the parameter-
scaling term N−γN in Eq. (2) shrinks faster with N
than the ratio-scaling term eAQr grows with Qr.

For different block-size granularities Qb as N
varies, we plot Fig. 6b from our unified scaling
law on the CLM series. For models larger than
50B, the absolute gap between Qb = 128 and
Qb = 32 in loss degradation δ is less than 0.5.
Thus, under an absolute loss budget, finer blocks
may offer limited benefit relative to their scaling-
factor overhead in PTQ LLM inference.

Takeaway 3

As model size N grows, finer block size Qb yields
diminishing absolute loss benefits.

5 Related Work

Quantization outliers and mixed quantization.
A weight or activation value is considered an out-
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Figure 4: Strong Law Results. (a,b,c,d): Actual and fitted loss degradation contours for CLM-200M and CLM-1.1B vs. block
size Qb. Each line corresponds to a fixed quantization ratio Qr . (e,f): Fitted vs. actual δopt and δµ. We only show N = 200M,
1.1B due to space; see Appendix C for full results.

lier when there is a significant deviation from its
mean distribution. Activation outliers have been
observed more frequently in large models (Wei
et al., 2022; Zhang et al., 2023) as cascaded layers
accumulate quantization errors. In weight-only
quantization, weights are mapped to low preci-
sion (Frantar et al., 2022; Lin et al., 2024). Re-
cent weight-only quantization works focus on effi-
cient vector quantization that maps high-precision
weight tensors into indices and codebooks, such
as QuiP (Chee et al., 2024), AQLM (Egiazarian
et al., 2024), and QTIP (Tseng et al., 2024). Mean-
while, weight-activation quantization usually trans-
fers activation magnitudes to weights using in-
vertible scale matrices (Xiao et al., 2023) before
quantizing both weights and activations (Wei et al.,
2023; Xiao et al., 2023; Shao et al., 2023). Recent
works explore incoherence processing to achieve
this, such as SpinQuant (Liu et al., 2024b) and
Quarot (Ashkboos et al., 2024). There are also
works that solve the outlier problem via new num-
ber formats to accommodate the dynamic range of
outliers (Zhang et al., 2023; Rouhani et al., 2023b;
Zou et al., 2024). For example, MXINT/MXFP
(Darvish Rouhani et al., 2020) is a recent standard

for hardware-efficient numerical formats. MXINT
shares an exponent across a block of mantissas
(Rouhani et al., 2023b), and MXFP shares an expo-
nent across a block of MiniFloats, which is already
supported in NVIDIA Blackwell. The hardware
efficiency of these methods often outperforms stan-
dard low-precision floating-point computation, al-
though custom hardware support is required.

Scaling laws of LLM training. Training-time
scaling laws (Kaplan et al., 2020; Hoffmann et al.,
2022; Pearce and Song, 2024) characterize how
loss scales with parameter count and training to-
kens. A highly relevant follow-up is the Scaling
Laws for Precisions (Kumar et al., 2024), which ex-
tends this to pre- and post-training quantization but
assumes a single uniform precision level across
all parameters. Closely related is recent work
on scaling laws for quantization-aware training
(QAT) (Frantar et al., 2025; Chen et al., 2025),
which incorporates quantization effects during
training or fine-tuning to improve low-precision
performance. While complementary, we focus
on PTQ. Beyond training-compute scaling, recent
work also studies scaling under inference-time con-
straints: Sardana et al. (2023) extend Chinchilla-
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Figure 5: Other Arithmetic Formats Results. (a,d) The actual and fitted loss degradation contour for layer-wise Weight-
Activation-MXINT-2 (WA-MXINT-2) on CLM architectures. (b,e) The actual and fitted loss degradation contour for layer-wise
Weight-only MXINT-4 (W-MXINT-4) on CLM architectures. (c,f) The actual and fitted loss degradation contour for layer-wise
Weight-only 4bit-HQQ (HQQ-4) on CLM architectures. In the figure, each line corresponds to a fixed model size N in billions
(B). The fitted statistics are presented in Appendix F due to space constraints.
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Figure 6: Effects of our scaling laws. The effect of our scal-
ing law with (a) effect of quantization ratio Qr when changing
model size N under a fixed loss degradation budget δ and
(b) effect of block size granularities Qb on loss degradation δ
when changing N . Both are based on the fitted parameters for
CLM series models.

style analysis to jointly account for inference cost
when selecting model size and training tokens,
and Bian et al. (2025) examine how architectural
choices interact with scaling for inference-efficient
LLMs. These directions are orthogonal to ours:
rather than scaling pretraining compute or architec-
ture, we model how the choice of mixed-precision
configuration at deployment scales with model
size. In Sec. 2.2, we further discuss the relevance
of our mixed-quantization scaling laws, showing
that in extreme cases our unified law reduces to
the uniform-precision scaling law of Kumar et al.
(2024).

6 Discussion

Implications on AI inference hardware and sys-
tems. We show that larger models can accom-
modate more low-precision components without
performance degradation. This validates the re-
cent trend of increasing support for low-precision
arithmetic computation in hardware such as GPUs
and TPUs (Tirumala and Wong, 2024; Choquette,
2022). The insight from our unified scaling law
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highlights the need for increased low-precision re-
sources in future hardware devices. In distributed
inference (tensor/model parallel) and emerging
heterogeneous serving, device-wise mixed preci-
sion becomes a new knob. Our law provides an
accuracy-budget constraint to choose precision ra-
tios without large-scale manual exploration.

Further architectures and arithmetic formats.
Appendix H shows that our law fitted on N ≤ 8B
predicts PTQ loss with R2 ≥ 0.96 on 13–32B
Qwen-1.5, Qwen-3, and LLaMA checkpoints; ex-
tending to 400B-scale dense LLMs, MoE models
such as DeepSeek (Liu et al., 2024a) and Mix-
tral (Jiang et al., 2024), and further arithmetic for-
mats (e.g., ternary (Chen et al., 2024) and MX-
INT (Rouhani et al., 2023b)) remains open.

Predictiveness and calibration. Rather than
a zero-shot predictor with universal coefficients,
our law functions as a sample-efficient calibration
tool, fitted on small checkpoints and extrapolated
to larger ones in the same family.

7 Conclusion

We introduce a unified scaling law for post-training
mixed quantization of LLMs, calibrated on small
checkpoints and extrapolating across model size,
ratio, and granularity. Our findings guide practical
mixed-precision design and motivate broader low-
precision support in inference hardware.

Limitations

Our law is a sample-efficient calibration tool rather
than a zero-shot predictor: the functional form is
shared, but its coefficients must be re-fit for each
(model family, quantization method) pair, follow-
ing the convention of prior scaling-law studies.
Our main conclusions concern approximately 4-bit
mixed-precision PTQ. MXINT-2 weight–activation
quantization is an extreme-compression stress test
and produces unstable coefficients; partially dis-
tilled checkpoints can also exhibit negative mea-
sured degradation when quantization improves
evaluation loss, violating our non-negativity as-
sumption. These cases should therefore be di-
agnosed through small-model calibration rather
than covered by the positive-scaling regime by
default. Quantization-aware training and broader
downstream-task evaluation are left to future work.
Our work does not discuss the potential impact
of quantization on model safety (Gonçalves and
Strubell, 2023; Jaiswal et al., 2024; Xu et al., 2024;

Marcuzzi et al., 2026; Hong et al., 2024). The
study focuses mainly on English language mod-
eling, leaving open whether the findings general-
ize to multilingual or non-English settings, since
prior work has shown that quantization can affect
languages non-uniformly, with potentially larger
degradation for languages using non-Latin scripts
(Marchisio et al., 2024).

License and Intended Use. All models and
datasets used in this work are publicly available
under licenses permitting academic research, con-
sistent with our usage.
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A Pre-training CLM series Model

As discussed in Sec. 4.1, we pre-trained a series
of causal language models (CLMs) to facilitate
our derivation of mixed quantization scaling laws
and corresponding experiments, before we cross-
validate our scaling laws on other open-source mod-
els.

Model architecture and tokenizer We adopt the
Llama-3 architecture, which incorporates group
query attention (GQA) and rotary positional em-
bedding (RoPE) (Dubey et al., 2024). Table 2 sum-
marizes the model architecture of our CLM series.
We use HuggingFaceTB/cosmo2-tokenizer 1, an
open-source tokenizer trained on 1M tokens and
released by HuggingFace.
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Figure 7: Pre-training loss of CLM series.

Pre-training setup We pre-train our models
on FineWeb-Edu (Lozhkov et al., 2024), a pre-
training dataset of cleaned and deduplicated en-
glish web data from CommonCrawl. We follow
Chinchilla (Hoffmann et al., 2022) to determine
the number of tokens for pre-training, i.e., multiply-
ing the number of parameters (without embedding
layers) by 22. We use the AdamW optimizer with
a linear learning rate schedule with 20% warmup.
The initial learning rate is set to 1e-4 and the se-
quence length is set to 2048. We use various batch
sizes for different models, i.e., 96 for 60M, 64 for
200M, 96 for 400M, 96 for 600M, and 192 for 1.1B.
Fig. 7 shows the pre-training loss of our CLM se-
ries. We plan to release our pre-trained models and
tokenizer publicly.

Pretraining framework We use TorchTi-
tan (Liang et al., 2025), a PyTorch-based

1cosmo2-tokenizer: https://huggingface.co/
HuggingFaceTB/cosmo2-tokenizer

distributed training framework to pretrain our
models. We apply fully sharded data parallel
(FSDP) and gradient checkpointing to save GPU
memory. Eight NVIDIA H200 GPUs were used
for pre-training 600M and 1.1B models, and eight
NVIDIA A100 GPUs were used for pre-training
60M, 200M, and 400M models. Before conducting
the mixed quantization experiments, we convert
the pre-trained models from torch distributed
format to HuggingFace format.

B Distribution for Search Space

Fig. 8 presents the kernel density estimates (KDEs)
of the distribution ∆ under MXINT-4 layerwise
quantization, evaluated across varying numbers of
trials: 100, 200, 500, and 1000. These KDEs are
generated using a Gaussian kernel, which may not
be the optimal kernel, providing a consistent and
smooth estimate that is sufficient for comparative
analysis.

We present Figs. 8a to 8h, which show the KDEs
of different quantization ratios Qr (from 0.5 to 0.8)
for a fixed model (CLM-1.1B and CLM-200M),
whereas Figs. 8i to 8p show the KDEs of different
model sizes (from 60M to 600M) under fixed Qr

(0.5 and 0.6). Across all figures, as the sample size
increases from 100 to 1000, the estimated distribu-
tion tends to remain the same. The KDEs generated
appear nearly indistinguishable in shape from that
of 100. This consistency holds throughout different
Qr and model sizes.

These figures suggest that the empirical distri-
bution of ∆ can be reliably estimated with as few
as 100 samples, as presented in Sec. 4.1. That is,
even with relatively small sample sizes, the mean
(E(∆)) and minimum (δopt) values of ∆ can still
be well captured. Therefore, from both a computa-
tional and statistical efficiency perspective, exces-
sive sampling provides diminishing returns. This
insight is particularly valuable since large-scale
sampling is computationally expensive.

B.1 Layer-wise Sensitivity Heterogeneity
Across Models

While our scaling laws use a single global quantiza-
tion ratio Qr as a budget, the underlying search (de-
scribed above) freely assigns different precisions
to different layers. A natural question is whether
the resulting layer-wise quantization preferences
are similar across model sizes — if so, an explicit
per-layer variable might improve the law.

To probe this, for each fixed Qr in the layer-wise
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Figure 8: KDE of distribution δ. Different KDE for different Qr under a fixed model: (a,b,c,d) Changing Qr for CLM-1.1B;
(e,f,g,h) Changing Qr for CLM-200M. KDE for different model under fixed Qr; (i,j,k,l) Changing N for Qr = 0.5; (m,n,o,p)
Changing N for Qr = 0.6.
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Table 2: Model architecture of CLMs.

Model Vocab size Model dim FFN dim #Hidden layers #Attention heads #Key/value heads

60M

49152

384 1408 22 4 2
200M 768 2688 24 12 4
400M 960 3328 30 15 5
600M 1152 4096 32 18 6
1.1B 1536 5376 32 24 8

MXINT-4 setting we rank layers by their estimated
quantization preference within a model, and com-
pute the Spearman rank correlation of these per-
layer rankings between every pair of CLM model
sizes (N ∈ {60M, 200M, 400M, 600M, 1.1B}).
We then average over the 10 model-size pairs at
each Qr to obtain a single similarity score. The
results are summarized in Table 3.
Table 3: Mean Spearman rank correlation of per-layer quan-
tization preferences across pairs of CLM model sizes under
layer-wise MXINT-4 quantization. Lower values indicate that
the best per-layer precision assignment differs more substan-
tially across model sizes.

Qr Mean Spearman

0.5 0.5649
0.6 0.5953
0.7 0.5825
0.8 0.6041
0.9 0.4102

The mean correlation stays in the 0.41–0.60
range across Qr, indicating that per-layer prefer-
ences are largely model-specific rather than trans-
ferable. This justifies our choice to keep Qr as
a compact global budget rather than introducing
per-layer variables: the latter would not generalize
across models and would substantially complicate
the mathematical form of the law without a corre-
sponding gain in predictive utility for cross-model
extrapolation.

C Layer-wise Results

As shown in Sec. 4, Fig. 9 and Fig. 10 show the ac-
tual and fitted loss contour of CLM, Qwen-1.5, and
Qwen-3 under MXINT-4 layerwise quantization.
For each model family we present two contours:
loss versus model size N and loss versus quanti-
zation ratio Qr. Fig. 9 shows the contour for the
minimum value δopt and Fig. 10 shows the expecta-
tion value δµ. There are a few outliers that do not
match our fitted contour, which could be caused
by the instability of the sampling process. In ad-
dition, note that the actual losses themselves are

estimations.

D Matrix Multiplication-wise Results

Following the layer-wise results in Sec. 4, the ma-
trix multiplication-wise with Fig. 11 and Fig. 12
shows the actual and fitted loss contour of CLM,
Qwen-1.5, and Qwen-3 under MXINT-4 matrix
multiplication-wise quantization. For each model
family, we present two contours: loss versus
model size N and loss versus quantization ratio
Qr. Fig. 11 shows the contour for the minimum
value δopt and Fig. 12 shows the expectation value
δµ. As with the layer-wise quantization results, a
few outliers deviate from the fitted contours due to
the variability in the sampling process.

While Fig. 11 and Fig. 12 show the effective-
ness of the weak law, Fig. 13, Fig. 14, and Fig. 15
demonstrate the utility for the strong law. Those
three figures show the actual and fitted loss con-
tours (both minimum and mean) with respect to
block size Qb with different quantization ratios Qr

for CLM, Qwen-1.5, and Qwen-3. For those fig-
ures, our strong law only takes into consideration
losses that are less than 100, since larger losses in
perplexity are meaningless under our setting (in
practical terms, these models would not generate
anything distinguishable). As a result, the fitted
contours are not accurate when the actual loss is
large, which is acceptable since we do not care
about those excessive losses.

E Other Numerical Format Results

Figs. 16 and 17 present the minimum and mean
loss contours with respect to model size N and
quantization ratio Qr for the CLM, Qwen-1.5, and
Qwen-3 models under HQQ quantization. These
results demonstrate that HQQ is a highly effective
quantization method, successfully preserving the
capabilities of the pre-trained models and main-
taining low post-training quantization (PTQ) loss.
Notably, the fitted contours closely match the em-
pirical data across all model families, indicating
that our scaling law formulation generalizes well,

3279



10−1 100

Model Size (N)

100

101

L
o
ss

 D
eg

en
er

a
ti
on

 (
δ)

Qr:

 

 

0.5

0.6

0.7

0.8

0.9

0.95

0.975

(a) CLM Actual Loss

100

Model Size (N)

100

101

L
o
ss

 D
eg

en
er

a
ti
on

 (
δ)

Qr:

 

 

0.5

0.6

0.7

0.8

0.9

0.95

0.975

(b) Qwen-1.5 Actual Loss

100

Model Size (N)

100

101

L
o
ss

 D
eg

en
er

a
ti
on

 (
δ)

Qr:

 

 

0.5

0.6

0.7

0.8

0.9

0.95

0.975

(c) Qwen-3 Actual Loss

10−1 100

Model Size (N)

100

101

L
os

s 
D

eg
en

er
a
ti
on

 (
δ)

Qr:

 

 

0.5

0.6

0.7

0.8

0.9

0.95

0.975

(d) CLM Predicted Loss

100

Model Size (N)

100

101

L
os

s 
D

eg
en

er
a
ti
on

 (
δ)

Qr:

 

 

0.5

0.6

0.7

0.8

0.9

0.95

0.975

(e) Qwen-1.5 Predicted Loss

100

Model Size (N)

100

101

L
os

s 
D

eg
en

er
a
ti
on

 (
δ)

Qr:

 

 

0.5

0.6

0.7

0.8

0.9

0.95

0.975

(f) Qwen-3 Predicted Loss

0.5 0.6 0.7 0.8 0.9

Quantization Ratio (Qr)

100

101

L
os

s 
D

eg
en

er
at

io
n
 (
δ)

Model Size:

 

 

0.06B

0.2B

0.4B

0.6B

1.1B

(g) CLM Actual Loss

0.5 0.6 0.7 0.8 0.9

Quantization Ratio (Qr)

100

101

L
os

s 
D

eg
en

er
at

io
n
 (
δ)

Model Size:

 

 

0.5B

1.8B

4.0B

7.0B

(h) Qwen-1.5 Actual Loss

0.5 0.6 0.7 0.8 0.9

Quantization Ratio (Qr)

100

101

L
os

s 
D

eg
en

er
at

io
n
 (
δ)

Model Size:

 

 

0.6B

1.7B

4.0B

8.0B

(i) Qwen-3 Actual Loss

0.5 0.6 0.7 0.8 0.9 1.0

Quantization Ratio (Qr)

100

101

L
o
ss

 D
eg

en
er

at
io

n
 (
δ)

Model Size:

 

 

0.06B

0.2B

0.4B

0.6B

1.1B

(j) CLM Predicted Loss

0.5 0.6 0.7 0.8 0.9 1.0

Quantization Ratio (Qr)

100

101

L
o
ss

 D
eg

en
er

at
io

n
 (
δ)

Model Size:

 

 

0.5B

1.8B

4.0B

7.0B

(k) Qwen-1.5 Predicted Loss

0.5 0.6 0.7 0.8 0.9 1.0

Quantization Ratio (Qr)

100

101

L
o
ss

 D
eg

en
er

at
io

n
 (
δ)

Model Size:

 

 

0.6B

1.7B

4.0B

8.0B

(l) Qwen-3 Predicted Loss

Figure 9: Layer-wise (δopt) (a,d,g,h) CLM layer-wise results; (b,e,h,k) Qwen-1.5 layer-wise results; (c,f,i,l) Qwen-3 layer-wise
results.
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Figure 10: Layer-wise (δµ) (a,d,g,h) CLM layer-wise results; (b,e,h,k) Qwen-1.5 layer-wise results; (c,f,i,l) Qwen-3 layer-wise
results.
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Figure 11: Matrix Multiplication-wise (δopt) (a,d,g,h) CLM matrix multiplication-wise results; (b,e,h,k) Qwen-1.5 matrix
multiplication-wise results; (c,f,i,l) Qwen-3 matrix multiplication-wise results.
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Figure 12: Matrix Multiplication-wise (δµ) (a,d,g,h) CLM matrix multiplication-wise results; (b,e,h,k) Qwen-1.5 matrix
multiplication-wise results; (c,f,i,l) Qwen-3 matrix multiplication-wise results.
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Figure 13: Strong Law CLM Matrix Multiplication-wise (δopt, δµ) (a,b,e,f,i,j,m,n,q,r) CLM matrix multiplication-wise δopt

results; (c,d,g,h,k,l,o,p,s,t) CLM matrix multiplication-wise δµ results.
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Figure 14: Strong Law Qwen-1.5 Matrix Multiplication-wise (δopt, δµ) (a,b,e,f,i,j,m,n) Qwen1.5 matrix multiplication-wise
δopt results; (c,d,g,h,k,l,o,p) Qwen-1.5 matrix multiplication-wise δµ results.
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Figure 15: Strong Law Qwen-3 Matrix Multiplication-wise (δopt, δµ) (a,b,e,f,i,j,m,n) Qwen-3 matrix multiplication-wise δopt

results; (c,d,g,h,k,l,o,p) Qwen-3 matrix multiplication-wise δµ results.
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even under high-performance quantization meth-
ods.

Note that, under these settings, there are some
significant outliers for Qwen-3 results, with nega-
tive PTQ losses, such negative PTQ losses might
be caused by the fact that all Qwen-3 models in-
volved in our experiments are partially distilled
from larger models as indicated in (Yang et al.,
2025), invalidating our assumptions in Sec. 2.2.

Figs. 18 and 19 show the results for layerwise
GPTQ quantization. Figs. 20 and 21 show the re-
sults for Minifloat quantization. Figs. 22 and 23
show the results for MXFP quantization. The
GPTQ quantization for the Qwen-3 architecture
is infeasible since the architecture is not supported
by the GPTQ method. Our fitted contours match
the remaining CLM and Qwen-1.5 models.

In contrast, Figs. 24 and 25 show the results
for MXINT-2 quantization, which performs poorly
across the board. The loss increases significantly
under this setting, suggesting that aggressive quan-
tization in both weights and activations severely
degrades model quality. Despite the high loss, our
fitted contours remain aligned with the empirical
observations, capturing the underlying loss surface
accurately.

Figs. 26 and 27 display the loss contours for
MXINT-4 weight-only quantization. This method
shows moderate performance. It incurs a smaller
degradation in loss than MXINT-2. The fitted con-
tours once again align well with actual measure-
ments, reinforcing the robustness of our scaling
law across varying quantization granularities and
levels of aggressiveness. Similar to the HQQ quan-
tization, the effectiveness of MXINT-4 weight-only
quantization and the distillation training process of
Qwen-3 explains the outliers for Qwen-3 figures.

F Formula Fitting

We report all fitted coefficients and R2 plots in
Figs. 28 to 53. These include block-wise strong
law fittings, as well as weak law fittings under layer-
wise, matrix-multiplication-wise, HQQ, MXINT-2,
and MXINT-4 weight-only quantization. Each ta-
ble reports the coefficients described in Sec. 2.2
from our scaling law equations, and the scatter
plots compare predicted and actual PTQ losses to
evaluate the fitting quality.

Overall Trends and Implications. Across all
quantization levels and model families, the R2

plots validate the predictive power of our scaling

laws. Tight clustering along the diagonal confirms
that the fitted models not only approximate empiri-
cal losses well but also generalize across compres-
sion levels and model sizes. Exceptions, including
negative γN or inflated constants, indicate model-
instability or ill-posed settings such as distillation
pre-training or over-compression.

Block-wise Strong Law Fitting Figs. 28–30 dis-
play the strong law fits across model families.
For CLM and Qwen-1.5, we observe high-quality
fits with consistent scaling exponents. However,
Qwen-3 shows greater variability, with large γc
values (e.g., 1.67), indicating strong sensitivity
to the quantization ratio Qr, likely caused by its
distillation-only training pipeline.

Layerwise and Matrix Multiplication-wise
MXINT-4 Fitting Figs. 45–50 show the lay-
erwise and matrix multiplication-wise MXINT-4
quantization weak law results in strong, consistent
fits across CLM and Qwen-1.5.

HQQ, GPTQ, Minifloat, MXFP Fitting
Figs. 31–41 demonstrate that HQQ, GPTQ,
Minifloat, and MXFP quantizations maintain
consistently good fits across all model families.
These weak law results further confirm the strength
of those quantization methods in preserving model
accuracy after quantization, and they validate
that our scaling law generalizes even under
high-performance quantizers.

MXINT-2 Fitting Figs. 42–44 illustrate that
MXINT-2—our most aggressive quantiza-
tion—yields degraded fits. This is especially
evident for Qwen-1.5, where fitted constants
reach extreme values (e.g., C = 1181.1), and for
Qwen-3, where γN becomes negative (−4.62),
indicating that MXINT-2 quantization is not ideal.
Despite this, the R2 plots still show approximate
alignment, suggesting that the weak law scaling
structure is partially preserved.

MXINT-4 Weight-only Fitting Figs. 51-53 con-
firm that weight-only MXINT-4 quantization
achieves a balanced tradeoff: it reduces parameter
precision with less impact on performance com-
pared to MXINT-2. Fit quality remains strong with
reasonable coefficients. These trends validate that
restricting quantization to weights alone preserves
much of the original loss landscape structure, and
our weak law accurately tracks this behavior across
CLM, Qwen-1.5, and Qwen-3.
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Figure 16: HQQ (δopt) (a,d,g,h) CLM HQQ results; (b,e,h,k) Qwen-1.5 HQQ results; (c,f,i,l) Qwen-3 HQQ results.
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Figure 17: HQQ (δµ) (a,d,g,h) CLM HQQ results; (b,e,h,k) Qwen-1.5 HQQ results; (c,f,i,l) Qwen-3 HQQ results.
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Figure 18: GPTQ (δopt) (a,c,e,g) CLM GPTQ results; (b,d,f,h) Qwen-1.5 GPTQ results.
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Figure 19: GPTQ (δµ) (a,c,e,g) CLM GPTQ results; (b,d,f,h) Qwen-1.5 GPTQ results.
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Figure 20: Minifloat (δopt) (a,d,g,h) CLM Minifloat results; (b,e,h,k) Qwen-1.5 Minifloat results; (c,f,i,l) Qwen-3 Minifloat
results.
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Figure 21: Minifloat (δµ) (a,d,g,h) CLM Minifloat results; (b,e,h,k) Qwen-1.5 Minifloat results; (c,f,i,l) Qwen-3 Minifloat
results.
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Figure 22: MXFP (δopt) (a,d,g,h) CLM MXFP results; (b,e,h,k) Qwen-1.5 MXFP results; (c,f,i,l) Qwen-3 MXFP results.
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Figure 23: MXFP (δµ) (a,d,g,h) CLM MXFP results; (b,e,h,k) Qwen-1.5 MXFP results; (c,f,i,l) Qwen-3 MXFP results.
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Figure 24: MXINT-2 (δopt) (a,d,g,h) CLM MXINT-2 results; (b,e,h,k) Qwen-1.5 MXINT-2 results; (c,f,i,l) Qwen-3 MXINT-2
results.
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Figure 25: MXINT-2 (δµ) (a,d,g,h) CLM MXINT-2 results; (b,e,h,k) Qwen-1.5 MXINT-2 results; (c,f,i,l) Qwen-3 MXINT-2
results.
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Figure 26: MXINT-4 Weight-only (δopt) (a,d,g,h) CLM MXINT-4 Weight-only results; (b,e,h,k) Qwen-1.5 MXINT-4 Weight-
only results; (c,f,i,l) Qwen-3 MXINT-4 Weight-only results.
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Figure 27: MXINT-4 Weight-only (δµ) (a,d,g,h) CLM MXINT-4 Weight-only results; (b,e,h,k) Qwen-1.5 MXINT-4 Weight-only
results; (c,f,i,l) Qwen-3 MXINT-4 Weight-only results.
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Figure 28: CLM Strong Law. The left two are for δopt and the right two are for δµ.
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Figure 29: Qwen-1.5 Strong Law. The left two are for δopt and the right two are for δµ.
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Figure 30: Qwen-3 Strong Law. The left two are for δopt and the right two are for δµ.

C 0.0522
A 2.1631
γN 0.6471

0.5 1.0 1.5 2.0 2.5

Actual

0.5

1.0

1.5

2.0

2.5

F
it
te

d

R 2 = 0.9668, MSE = 0.0136

C 0.1583
A 1.3561
γN 0.5508

0.5 1.0 1.5 2.0 2.5

Actual

0.5

1.0

1.5

2.0

2.5

F
it
te

d

R 2 = 0.9910, MSE = 0.0041

Figure 31: HQQ CLM Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 32: HQQ Qwen-1.5 Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 33: HQQ Qwen-3 Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 34: GPTQ CLM Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 35: GPTQ Qwen-1.5 Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 36: Minifloat CLM Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 37: Minifloat Qwen-1.5 Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 38: Minifloat Qwen-3 Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 39: MXFP CLM Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 40: MXFP Qwen-1.5 Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 41: MXFP Qwen-3 Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 42: MXINT-2 CLM Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 43: MXINT-2 Qwen-1.5 Weak Law. The left two are for δopt and the right two are for δµ.

3303



C 0.0
A 29.2508
γN 0.5165

0.0 0.5 1.0 1.5 2.0

Actual 1e6

0.0

0.5

1.0

1.5

2.0

F
it
te

d

1e6

R 2 = 0.9755, MSE = 6177323243.9008

C 0.0
A 21.2625
γN -4.6183

0 2 4 6

Actual 1e7

0

2

4

6

F
it
te

d

1e7

R 2 = 0.9694, MSE = 7200467939933.3467

Figure 44: MXINT-2 Qwen-3 Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 45: MXINT-4 Layerwise CLM Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 46: MXINT-4 Matrix Multiplication-wise CLM Weak Law. The left two are for δopt and the right two are for δµ
.
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Figure 47: MXINT-4 Layerwise Qwen-1.5 Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 48: MXINT-4 Matrix Multiplication-wise Qwen-1.5 Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 49: MXINT-4 Layerwise Qwen-3 Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 50: MXINT-4 Matrix Multiplication-wise Qwen-3 Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 51: Weight-only MXINT-4 CLM Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 52: Weight-only MXINT-4 Qwen-1.5 Weak Law. The left two are for δopt and the right two are for δµ.
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Figure 53: Weight-only MXINT-4 Qwen-3 Weak Law. The left two are for δopt and the right two are for δµ.

G Further Explanation for our
Estimation of E(∆) and min(∆)

As discussed in Sec. 2.2, we are interested in
two parameters of the discrete random variable
∆: E(∆) and min(∆), which represent the mean
and minimum (optimal) values of ∆. In the
weak law, they are denoted as δopt(N,Qr) and
E[∆(N,Qr)]. In the strong law, they are denoted
as δopt(N,Qr, Qb) and E[∆(N,Qr, Qb)].

We estimate those two parameters with the fol-
lowing two estimators. Given a list of i.i.d. discrete
random variables {∆i}ni=1. We denote the unbi-
ased estimator of E(∆) as

En =

∑n
i=1∆i

n
, (12)

and the biased estimator of min(∆) as

Mn = min({∆i : i = 1, · · · , n}) . (13)

En is an unbiased estimator as

E(En)− E(∆) =

∑n
i=1 E(∆i)

n
− E(∆)

= E(∆)− E(∆)

= 0 .

(14)

On the other hand, Mn is a biased estimator. With-
out loss of generality, we will calculate the bias of

M ′
n = max({∆i : i = 1, · · · , n}) with respect to

max(∆). Since {∆i}ni=1 are i.i.d,

Pr(M ′
n < x) =

n∏

i=1

Pr(∆i < x)

= Fn(x−) ,

(15)

where F is the cdf of ∆ and x− = max({x′ :
x′ < x ∧ Pr(∆ = x′) ̸= 0} ∪ −∞). Hence the
expectation of M ′

n is

E(M ′
n) =

∑

x

xPr(M ′
n = x)

=
∑

x

xPr(M ′
n ≤ x ∧M ′

n ≮ x)

=
∑

x

x(Fn(x)− Fn(x−)) .

(16)

As
∑

x

(Fn(x)− Fn(x−))

= Fn(max(∆))− Fn(−∞) = 1− 0 = 1 ,
(17)

E(M ′
n) is a re-weighting of different x-s and the

weight for max(∆) is not 1, hence E(M ′
n) <

max(∆). However, as n → ∞, (Fn(x) −
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Fn(x−)) → 0 for all x ̸= max(∆), so

E(M ′
n)

d−→ max(∆) as n → ∞ , (18)

making {M ′
n}∞i=1 asymptotically unbiased. Re-

call notations from Sec. 2.2, given n realizations
{δi}ni=1 of the random variables {∆i}ni=1,

µδ =

∑n
i=1 δi
n

(19)

and

δmin = min({δi : i = 1, · · · , n}) (20)

are our final estimation of the mean and minimum
of ∆. Our weak and strong law are designed to fit
those estimations. To be specific, each fitting of the
weak or the strong law tries to fit separately on µδ

and δmin, which is also why each of our laws has
two separate parts for expectation and minimum
values.

H Validation at Larger Model Scales

Table 4 reports fits of our scaling laws at
larger model scales (13B, 14B, and 32B) un-
der MXINT-4 quantization. We additionally
ran layer-wise and matrix-multiplication-wise
mixed quantization on Qwen-1.5-14B, Qwen-3-
14B, LLaMA-13B, Qwen-1.5-32B, and Qwen-
3-32B, using the same evaluation protocol de-
scribed in Sec. 4.1 (subsampled SlimPajama per-
plexity, Qr ∈ {0.5, 0.6, 0.7, 0.8, 0.9, 0.95, 0.975},
100 random partitions per configuration).

Across all settings, the fitted-vs-actual R2 re-
mains ≥ 0.96 for both δopt and E[δ], and the MSE
stays within the same range as the smaller-scale fits
reported in Sec. 4. We did not refit per-model con-
stants; we evaluated the law fitted on N ≤ 8B on
these larger checkpoints and computed goodness-
of-fit. This is a stronger form of validation than
fitting on the same set: predicted losses at 13–32B
are obtained purely by extrapolation along N , and
the high R2 values indicate that our scaling law ex-
trapolates to the largest open-source dense LLMs
we can run within our compute budget.

I Additional Related Work

In addition to the backgrounds presented in Sec. 5,
we further discuss the related work on mixed pre-
cision. Specifically, we categorize the work under
the following three topics: mixed-precision quan-
tization, mixed-precision inference, and mixed-
precision training.

Mixed-precision quantization Mixed precision
approaches involve partitioning a model’s param-
eters into both high-precision and low-precision
components, which have been shown to better pre-
serve model performance relative to uniform quan-
tization. This is primarily seen in models that ex-
hibit different sensitivities to quantization at vari-
ous layers. Some mixed-precision LLM quantiza-
tion work adopts the concept of weight salience to
guide the search for fine-grained bit allocation. The
first-order (Li et al., 2023) or second-order weight
gradient (Huang et al., 2024) has been used to form
such salience metrics, such that salient layers are
left in higher precision while the rest are cast to
low precision. There are also works performing the
search in an end-to-end style with the quantized
model performance as the objective, such as the ac-
curacy on a downstream task (Zhang et al., 2023).
In both cases, mixed precision can be seen as a
promising approach to provide a lossless reduction
in LLM memory requirements, reducing average
bit widths below levels achievable through uniform
quantization.

Mixed-precision inference Mixed-precision in-
ference methods targeting GPUs usually adopt reg-
ular mixed-precision strategies and computation
patterns; The authors of GPTQ3.int8() (Dettmers
et al., 2022) decompose the matrix multiplica-
tion in every linear layer into two sub-matrix-
multiplications based on the activation magnitudes,
achieving a 2-3× inference speedup by casting the
low-magnitude sub-matrix to low precision. SpQR
(Dettmers et al., 2023) represents a weight matrix
with grouped 3-bit integers and less than 1% sen-
sitive weight elements with FP16 values, achiev-
ing a 2× speedup compared to a quantized and
sparse PyTorch baseline. These approaches enable
reducing model size, but additional careful treat-
ment is needed to improve inference throughput.
For example, in (Li et al., 2023), mixed precision
LLM quantization at 2-bit and 3-bit showed no
speedup compared to 4-bit, due to less efficient uti-
lization of memory bandwidth. On the other hand,
Any-Precision LLM (Park et al., 2024) achieves
throughput scaling at various precisions by provid-
ing CUDA kernels with a novel weight packing
approach following a bitplane layout, achieving
1.3-1.8× speedup on mobile and edge devices. Ad-
ditionally, works such as FlightLLM achieve high
throughput by leveraging custom hardware designs
(Zeng et al., 2024).
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Table 4: Validation of the proposed scaling law at larger model scales under MXINT-4. Each row reports goodness-of-fit of our
scaling law’s prediction against the measured PTQ loss across Qr ∈ {0.5, . . . , 0.975} on the indicated model. No per-model
refitting is performed; predicted losses are computed from the constants fitted on the smaller-scale experiments in Sec. 4.

δopt E[δ]

Granularity Model R2 MSE R2 MSE

Layer-wise

Qwen-1.5-14B 0.9837 0.1662 0.9770 0.3785
Qwen-3-14B 0.9786 0.2726 0.9783 0.4021
LLaMA-13B 0.9646 0.7787 0.9944 0.1683
Qwen-3-32B 0.9778 0.2596 0.9771 0.3908

Matmul-wise
Qwen-3-14B 0.9940 0.2138 0.9970 3.1558
Qwen-1.5-32B 0.9631 0.5597 0.9850 1.1031
Qwen-3-32B 0.9935 0.2050 0.9969 2.7820

Mixed-precision training Mixed-precision
quantization has also been adopted in training to
reduce the large memory footprint of gradient
descent, which requires the storage of optimizer
states and gradients in addition to forward
activations. It has been shown that the training
process can tolerate aggressive quantization and
correct quantization noise in some components.
(Micikevicius et al., 2017) is the pioneering work
proposing the storage of all weights, activations,
and gradients in FP16, while updating a copy
of weights in FP32. This work also proposed
scaling up the forward pass loss and unscaling
the gradient before the weight update to avoid
under-utilization of the FP16 representable range,
leading to half the memory requirement and
speed-ups of 2–6× relative to FP32 training.
Recently, more aggressive quantization has been
studied for mixed-precision training. (Mellempudi
et al., 2019) trains models with E5M2 FP8,
maintaining a master copy of the weights in FP16,
and dynamically adjusting the scaling factor every
few iterations. Hybrid-FP8 (Sun et al., 2019)
improves FP8 training by using E4M3 for forward
propagation and E5M2 for backward propagation,
leading to matching performance to models trained
with FP32. Popular implementations of FP8
mixed-precision training like TransformerEngine2

have achieved a training acceleration of around
3–4× compared to FP16 mixed-precision training.

Hypotheses on other efficient-AI methods.
While we focused primarily on quantization, a nat-
ural direction for future work is to examine scaling
trends for other efficient-AI methods such as spar-
sity. We hypothesize that the scaling laws for such
methods closely resemble the laws for quantization
introduced here. More broadly, we hypothesize the

2TransformerEngine: https://github.com/NVIDIA/
TransformerEngine.

existence of a broader scaling law governing how
the ratio of approximate compute to exact compute
scales with model size, and the granularity at which
approximate compute is applied.
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