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Abstract

Post-Training Quantization (PTQ) is a critical
strategy for efficient Large Language Models
(LLMs) deployment. However, existing scaling
laws primarily focus on general performance,
overlooking crucial fine-grained factors and
how quantization differentially impacts diverse
knowledge capabilities. To address this, we
establish Task-Stratified Knowledge Scaling
Laws. By stratifying capabilities into mem-
orization, application, and reasoning, we de-
velop a framework that unifies model size, bit-
width, and fine-grained factors: group size and
calibration set size. Validated on 293 diverse
PTQ configurations, our framework demon-
strates strong fit and cross-architecture consis-
tency. It reveals distinct sensitivities across
knowledge capabilities: reasoning is precision-
critical, application is scale-responsive, and
memorization is calibration-sensitive. We high-
light that in low-bit scenarios, optimizing these
fine-grained factors is essential for preventing
performance collapse. These findings provide
an empirically-backed foundation for designing
knowledge-aware quantization strategies.

1 Introduction

Large language models (LLMs) have achieved im-
pressive performance across diverse tasks (Guo
et al., 2023), but their growing scale poses deploy-
ment challenges due to high memory and com-
putational costs (Zhu et al., 2024; Lang et al.,
2024). Post-training quantization (PTQ) emerges
as a practical solution by compressing LLMs with-
out expensive retraining (Yao et al., 2023). A re-
cent study shows that nearly 70% of quantization-
related research since 2022 has focused on PTQ for
LLMs (Zhao et al., 2025).

Despite the widespread use of PTQ, a compre-
hensive understanding of how LLM performance
is precisely impacted under quantization remains
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elusive. Current evaluations offer general insights,
such as performance cliffs below 4-bit precision (Li
et al., 2024) and task-specific sensitivities (Marchi-
sio et al., 2024; Liu et al., 2025). However, these
studies typically lack a systematic and predictive
framework. This deficiency makes it difficult for
practitioners to make informed decisions when
configuring PTQ strategies. To this end, some
researchers have initiated the exploration of scal-
ing laws for quantized models, aiming to estab-
lish relationships between model performance and
factors, such as model size or bit-width (Ouyang
et al., 2024; Kumar et al., 2025; Xu et al., 2024).
Such scaling laws enable the prediction of post-
quantization performance. However, they still have
two notable limitations:

1) The role of fine-grained PTQ factors is over-
looked. Current studies predominantly focus on
factors like model size, bit-width, and pre-training
data volume (Ouyang et al., 2024; Kumar et al.,
2025). In contrast, tunable parameters inherent in
widely adopted algorithms (e.g., GPTQ (Frantar
et al., 2023)), such as group size (Elangovan et al.,
2025) and calibration set size (Zhang et al., 2025),
are often treated as constants. However, our empir-
ical observations reveal that these fine-grained pa-
rameters are decisive factors for maintaining model
capabilities, especially under low-bit quantization.

2) The impact of quantization on diverse
knowledge capabilities remains underexplored.
Existing scaling laws mainly focus on the overall
performance of quantized LLMs, often overlook-
ing the fact that LLMs possess diverse knowledge
capabilities. This is critical as they rely on core
capabilities, ranging from memorization to applica-
tion and reasoning, to support diverse downstream
tasks (Wang et al., 2024; Yu et al., 2024). Cru-
cially, these capabilities are hypothesized to ex-
hibit divergent sensitivities to quantization due to
their distinct underlying mechanisms, which gen-
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eral scaling laws fail to capture.
To address these limitations, we conduct an ex-

tensive empirical investigation to establish Task-
Stratified Knowledge Scaling Laws for post-
training quantized LLMs. Specifically, this in-
volves: 1) systematically incorporating model size,
bit-width, calibration set size, and group size into
a unified power-law framework; and 2) comprehen-
sively investigating the impact of quantization con-
figurations on the diverse knowledge capabilities
of LLMs. Validated on 293 diverse PTQ configu-
rations spanning the Qwen3 and Llama-3 families,
our framework demonstrates a strong fit and cross-
architecture universality. We reveal that different
knowledge capabilities exhibit distinct sensitivi-
ties to quantization variables. Specifically, while
reasoning is bottlenecked by precision (bit-width
and group size), knowledge application scales sig-
nificantly with model size, and memorization is
particularly sensitive to calibration set size. Fur-
thermore, we highlight that under low-bit quantiza-
tion, smaller group sizes and sufficient calibration
data are no longer optional but essential to prevent
performance collapse.

In summary, our contributions are twofold:
• We establish the first task-stratified knowledge

scaling laws for PTQ. Our unified framework
incorporates model size and bit-width along-
side crucial fine-grained factors (group size
and calibration set size), and models diverse
knowledge capabilities separately.

• We empirically reveal divergent sensitivities
across knowledge capabilities (memorization,
application, and reasoning) to quantization,
and highlight that optimizing fine-grained fac-
tors is essential for preventing performance
collapse under low-bit scenarios.

2 Related Work

2.1 Post-Training Quantization of LLMs
Post-Training Quantization (PTQ) has emerged as
a dominant strategy for LLM compression, offer-
ing superior efficiency over Quantization-Aware
Training (QAT) by eliminating retraining (Lang
et al., 2024; Hasan, 2024). While PTQ methods
vary widely, they generally balance compression
and performance via sophisticated calibration tech-
niques (Williams and Aletras, 2024; Ji et al., 2024).

Among these, optimization-based approaches
like GPTQ (Frantar et al., 2023) have become in-
dustry standards. GPTQ leverages second-order

information (Hessian matrix) and calibration data
to minimize quantization error layer-by-layer. Cru-
cially, the performance of such methods is intri-
cately tied to hyperparameters like calibration set
size and group granularity (Zhang et al., 2025; Elan-
govan et al., 2025). However, prior works typically
treat these as static settings rather than dynamic
scaling variables, leaving their systematic impact
on model capabilities underexplored.

2.2 Scaling Laws for Quantized LLMs

Neural scaling laws provide a predictive framework
linking model performance to resources. Pioneer-
ing works by Kaplan et al. (2020) and Hoffmann
et al. (2022) establish that uncompressed LLM
performance follows power laws with model size,
training tokens, and training compute.

Recently, this framework has been extended
to the quantization domain. For instance,
Ouyang et al. (2024) investigate scaling laws for
quantization-induced degradation (QiD), linking
QiD to training data volume, model size, and
bit-width. Kumar et al. (2025) explore the inter-
play between training precision and PTQ preci-
sion. Sun et al. (2025) explore the scaling behavior
of floating-point representation structures during
the training phase. Furthermore, Xu et al. (2024)
attempt to build predictive models for post-PTQ
quality considering various factors.

Despite these advancements, prior works primar-
ily focus on generic performance metrics, over-
looking how varying quantization configurations
differentially impact distinct knowledge capabili-
ties. The lack of a unified framework incorporating
fine-grained factors leaves the scaling dynamics of
diverse capabilities largely unquantified.

3 Task-Stratified Knowledge Scaling
Laws for PTQ LLMs

3.1 Task Capability Definitions for
Quantization Analysis

To systematically investigate the impact of PTQ on
LLMs, we refine the knowledge capability taxon-
omy into three hierarchical levels of increasing cog-
nitive complexity, as illustrated in Figure 1: knowl-
edge memorization, knowledge application, and
knowledge reasoning.

This stratification draws from Bloom’s Tax-
onomy (Krathwohl, 2002; Huber and Niklaus,
2025), its adaptation for LLM benchmarks (e.g.,
KoLA (Yu et al., 2024)), and recent studies on
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Figure 1: Overview of the task-stratified knowledge
taxonomy defined in this study.

knowledge mechanisms in LLMs (Wang et al.,
2024). We posit that these knowledge capabili-
ties exhibit divergent sensitivities to quantization,
necessitating a task-stratified scaling analysis.
Level 1: Knowledge Memorization (KM). Align-
ing with Bloom’s Remembering level, this capabil-
ity refers to an LLM’s ability to accurately store
and recall specific factual knowledge learned dur-
ing pre-training. Tasks at this level are character-
ized by an “exact lookup” nature, where the model
must recall precise facts (e.g., names, dates) from
the internal knowledge base without complex con-
textual transformation.
Level 2: Knowledge Application (KA). Combin-
ing Bloom’s Understanding and Applying levels,
KA transcends static storage, focusing on com-
prehending inquiries and leveraging internalized
knowledge to formulate appropriate answers. Un-
like simple recall, this level requires the model
to understand the context and apply generalized
knowledge to specific scenarios, emphasizing flexi-
ble application rather than strict factual knowledge
lookup.
Level 3: Knowledge Reasoning (KR). Aligning
with Bloom’s deep thinking skills (primarily An-
alyzing (Huber and Niklaus, 2025)), KR involves
complex cognitive processes including multi-step
logic, mathematical problem-solving, and chain-of-
thought deduction (Wei et al., 2022). Unlike ap-
plication, complex reasoning requires the model to
construct multi-step logical chains to handle novel
scenarios beyond simple pattern matching.

Based on this stratification, we aim to construct
distinct scaling laws for each level, predicting how
PTQ configurations impact diverse knowledge ca-
pabilities.

3.2 Factors under Investigation

To establish task-stratified scaling laws, we focus
on four key factors governing the quantization pro-
cess. Fundamentally, PTQ compresses a model
of size N by mapping high-precision weights W
to B-bit representations Ŵ. This process typi-
cally aims to minimize the reconstruction error
∥WX − ŴX∥2F on calibration inputs X (with
set size Cb). Furthermore, the quantization gran-
ularity is determined by the group size G, which
defines the block size of weights sharing the same
quantization scale (and zero-point). We examine
the scaling behaviors of these factors below:

(1) Model Size (N ): Defined as the total num-
ber of non-embedding parameters (Ouyang et al.,
2024), model size determines representational ca-
pacity and robustness to quantization noise. Fig-
ure 2 (left) confirms that accuracy consistently in-
creases with model size across most bit-widths,
following a power-law trend as in full-precision
models (Kaplan et al., 2020; Hoffmann et al., 2022).
However, the 2-bit models remain near the random
baseline and improve only slightly at large scales,
deviating markedly from higher-precision trends.

(2) Bit-width (B): As shown in Figure 2 (right),
we observe a sharp recovery: performance rises
steeply from the random baseline at 2-bit to a us-
able level at 3-bit, before saturating near BF16
performance at higher bit-widths. This observation
highlights the non-linear impact of bit-width on
model capabilities.

(3) Calibration Set Size (Cb): While the impor-
tance of calibration data is acknowledged (Zhang
et al., 2025; Williams and Aletras, 2024; Ji et al.,
2024), its systematic scaling behavior remains
under-explored. As shown in Figure 3 (left), in-
creasing Cb improves accuracy, but the benefits
saturate at larger sizes. This non-linear saturation
motivates its inclusion as a key factor to quantify
its impact on knowledge preservation.

(4) Group Size (G): Group size serves as a trade-
off between compression ratio and error compensa-
tion. Figure 3 (right) demonstrates a pronounced
inverse relationship: smaller group sizes (e.g., 32,
64) mitigate accuracy loss via finer-grained quan-
tization, whereas larger groups (e.g., 1024) cause
obvious degradation. This confirms that G acts as
a critical granularity regulator in PTQ.
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Figure 2: Scaling trends of Model Size (N ) and Bit-width (B) for Qwen3 models (Cb = 128, G = 128). Accuracy
is averaged across five representative 4-choice tasks: Hellaswag, ARC-e/c, MMLU, and OpenbookQA. The dashed
grey line represents the random baseline (0.25). (BF16 and 8-bit curves visually overlap).
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Figure 3: Scaling trends of Calibration Set Size (Cb) and Group Size (G) under 3-bit quantization. Benchmarks are
the same as in Figure 2. (Left) Impact of Cb with fixed G = 128. (Right) Impact of G with fixed Cb = 128.

3.3 Scaling Law Formulation and Fitting
Method

3.3.1 Task-Stratified Scaling Law
To quantitatively model the impact of quantization
configurations on knowledge capabilities, we pro-
pose a unified multiplicative power-law function.
The performance metric, denoted as the negative
log-adjusted accuracy, is modeled as follows:

− ln(Accadj) = Atask ·Nαtask(log2B)βtask

(log2Cb)
γtaskGδtask ,

(1)

where Atask is a task-specific constant scaling co-
efficient. The exponents αtask, βtask, γtask, and δtask
are task-specific scaling parameters, quantifying
the sensitivity of performance on that task type to
each respective factor.

Note that since higher performance corresponds
to a lower value of − ln(Accadj), we expect
negative exponents for resource-related factors
(N,B,Cb), as scaling them up reduces this “loss”
metric. Conversely, we anticipate a positive expo-
nent for group size (G), since a larger group size

implies coarser quantization granularity, which typ-
ically degrades performance (increases the “loss”).

Theoretical Support. The adoption of this func-
tional form is based on two key foundations. First,
the multiplicative power-law structure successfully
describes how neural networks scale, capturing the
relationship between influential factors and model
performance (Kaplan et al., 2020; Hoffmann et al.,
2022). Second, we fit the negative natural loga-
rithm of the adjusted accuracy instead of raw ac-
curacy. As highlighted by Schaeffer et al. (2025),
downstream metrics like accuracy are bounded in
[0, 1] and exhibit complex non-linear behaviors that
are difficult to fit directly. Transforming accuracy
into an unbounded “loss-like” space (− ln(Acc))
restores the monotonic, convex properties required
for robust modeling (Krajewski et al., 2025). This
form also allows the exponents to be understood
as elasticities, quantifying the sensitivity of perfor-
mance to relative changes in each factor.

Adjustment for Diverse Task Baselines. Our
evaluation spans a diverse three-layer knowl-
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edge taxonomy where random guessing baselines
(Accrandom) vary significantly. For instance, gener-
ative tasks in knowledge memorization have a base-
line approaching zero, whereas multiple-choice
tasks in knowledge application have a baseline of
0.25 or 0.5. To eliminate this bias and ensure a
unified scaling metric across different task types,
we use the baseline-adjusted accuracy instead of
raw accuracy:

Accadj =
Acc−Accrandom

1−Accrandom
. (2)

This adjustment ensures that Accadj reflects knowl-
edge gain over random guessing, enabling consis-
tent comparison in our task-stratified analysis.

3.3.2 Illustration for Logarithmic
Transformation of Cb and B

As introduced in Eq. 1, we apply a logarithmic
transformation (log2) to both calibration set size
(Cb) and bit-width (B) to explicitly model their
non-linear “diminishing returns” on model accu-
racy. Specifically, as observed in our preliminary
experiments (Figure 2 and 3), initial increases in
Cb or B yield substantial performance gains, but
these benefits progressively diminish as the values
become larger. The logarithmic transformation lin-
earizes this saturation behavior, ensuring robust
fitting across the effective range. This modeling
choice aligns with prior work suggesting that the
utility of additional calibration data (Williams and
Aletras, 2024) and increased bit-width (Li et al.,
2024) often follows such a non-linear pattern.

3.3.3 Fitting Method
To robustly estimate the coefficients
(Atask, αtask, βtask, γtask, δtask), we transform
the multiplicative scaling law into a linear form by
taking the natural logarithm of both sides of Eq. 1:

ln(− ln(Accadj)) = lnAtask+αtask lnN

+βtask ln(log2B)

+γtask ln(log2Cb)+δtask lnG.

(3)

We employ Ordinary Least Squares (OLS) linear
regression (Zdaniuk, 2014) on this log-log data, fil-
tering out collapsed configurations (Accadj ≤ 0.01)
to ensure numerical stability (Appendix A.4). Com-
pared to direct Non-linear Least Squares (NLS) op-
timization, this linearized approach offers a closed-
form solution and ensures convexity, avoiding local
optima (Sengupta et al., 2025).

To rigorously evaluate the model’s explanatory
power, we employ the Adjusted R2 statistic (Ap-
pendix B). We report this metric in two spaces:
(1) the log-space (ln(− ln(Accadj))) to assess re-
gression quality, and (2) the original space (Accadj)
to validate practical predictive capability. Further-
more, we utilize Mean Absolute Error (MAE) to
verify absolute accuracy and extrapolation robust-
ness (Appendix D.2).

4 Experiments

4.1 Experimental Setup

We design a comprehensive setup to evaluate how
PTQ parameters affect distinct knowledge capabil-
ities. The implementation details, along with the
rationale for benchmark stratification, are provided
in Appendix A.

Models. We primarily study the Qwen3 fam-
ily (Yang et al., 2025), chosen for its recency and
the broad coverage of available model sizes, which
facilitates robust scaling analysis. We use five sizes
for scaling law fitting: 0.6B, 1.7B, 4B, 8B, and 14B.
Additionally, Qwen3-32B is reserved to validate
the extrapolation of our proposed laws.

Benchmarks. We evaluate diverse knowledge
capabilities using 14 representative benchmarks
aligned with the taxonomy defined in Section 3.1.
• L1 (KM). Assessed via benchmarks requiring

exact facts recall, including TriviaQA (Joshi
et al., 2017), Natural Questions (Kwiatkowski
et al., 2019), WebQuestions (Berant et al.,
2013), and the TREx and SQuAD subsets from
LAMA (Petroni et al., 2019).

• L2 (KA). Evaluated on tasks focusing on flex-
ible knowledge application, specifically Hel-
laswag (Zellers et al., 2019), Winogrande (Sak-
aguchi et al., 2021), MMLU (Hendrycks et al.,
2021), and ARC-Easy (Clark et al., 2018).

• L3 (KR). Tested using multi-step reasoning
datasets, namely StrategyQA (Geva et al., 2021a),
OpenbookQA (Mihaylov et al., 2018), ARC-
Challenge (Clark et al., 2018), GSM8K (Cobbe
et al., 2021), and MathQA (Amini et al., 2019).

Quantization Strategy. Establishing robust scal-
ing laws requires systematic sweeps over multiple
quantization variables. We employ GPTQ (Frantar
et al., 2023) because it is the most widely adopted
weight-only PTQ method, and its mature libraries
readily support the flexible configurations essential
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Figure 4: Goodness-of-fit: Predicted vs. actual ad-
justed accuracy for (Left) our proposed four-factor law
(N,B,Cb, G) and (Right) the baseline (N,B). Points
are colored by bit-width (B) and sized by model size
(N ). Stars (⋆) denote the validation data (Qwen3-32B).
Dashed line represents ideal prediction.

for our analysis. In contrast, implementations of
alternative methods (e.g., AWQ (Lin et al., 2024),
QuIP (Chee et al., 2023)) often restrict accessible
bit-widths or architectures. We apply a targeted
sampling strategy to different compression zones.
In the effective compression zone (3/4-bit), we ex-
ecute a full grid search (Cb ∈ {8, 32, 128, 1024},
G ∈ {32, 64, 128, 1024}) to capture fine-grained
sensitivities. Conversely, 8-bit configurations are
fixed (Cb = 128, G = 128) due to marginal vari-
ance, and 2-bit is excluded from overall fitting to
strictly preserve power-law assumptions.

4.2 Validation of the Unified Scaling Law

We first validate our unified scaling law on aggre-
gated performance across all knowledge levels, of-
fering an overall view of how PTQ factors influence
general model performance.

4.2.1 Goodness-of-Fit and Ablation Analysis
We perform an ablation study to quantify the con-
tribution of each factor. The results, summarized in
Table 1 and visualized in Figure 4, reveal several
key insights regarding factor importance:
(1) The comprehensive model achieves superior
fit. The full four-factor model yields the highest
Adj.R2

O of 0.9475, indicating robust predictive ca-
pability. As shown in Figure 4 (Left), empirical
data points tightly cluster around the ideal diago-
nal, while the held-out large-scale models (stars)
validate extrapolation potential.
(2) Foundational role of N and B. The base-
line model considering only model size (N ) and
bit-width (B) achieves a respectable foundation
(Adj.R2

O = 0.9125). The large negative exponents

A
djusted A

ccuracy

Figure 5: Performance surface of the General
Scaling Law in the 3-bit region (Accadj =
exp

[
−966.56 ·N−0.322(log2 Cb)

−0.103G0.117
]
,

Adj.R2
O = 0.97). Points represent empirical data.

for N (−0.359) and log2B (−1.067) confirm them
as primary drivers for reducing the “loss” metric
(− ln(Acc)). However, the visible scatter in Fig-
ure 4 (Right) and the explanatory gap compared to
the full formulation (0.91 vs. 0.95) indicate that ne-
glecting granular parameters fails to capture critical
performance variations.
(3) Significance of fine-grained factors (G and
Cb). Combining group size (G) and calibration set
size (Cb) bridges the performance gap. Notably,
adding G alone boosts the Adj.R2

O significantly to
0.9466, identifying it as a critical regulator. While
adding Cb yields a marginal statistical gain over-
all (consistent with saturation effects), it remains
indispensable for stability in low-bit scenarios, as
discussed below.

4.2.2 Parameter Sensitivity in Low-Bit
Scenarios

While the general model captures global trends, it
obscures the nuanced behaviors in the critical 3-bit
region. As illustrated in Figure 5, the “Effective
Compression Zone” exhibits a dramatic sensitivity
amplification to fine-grained parameters.

Specifically, when fitting solely to 3-bit data,
the elasticity of calibration data (Cb) triples (| −
0.032| → | − 0.103|), confirming its shift from
a diminishing factor to a critical constraint. Si-
multaneously, the group size (G) coefficient surges
(0.073 → 0.117), indicating that coarse grouping
becomes penalizing at lower precisions. These
trends further intensify in the 2-bit region, as we
will discuss in Section 4.3.2.
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Formulation Fitted Function Adj. R2
L Adj. R2

O

f(N,B,Cb, G) 3.98× 103 N−0.359 (log2 B)−1.067 (log2 Cb)
−0.032 G0.073 0.9425 0.9475

f(N,B) 5.39× 103 N−0.359 (log2 B)−1.071 0.9038 0.9125

f(N,B,G) 3.77× 103 N−0.359 (log2 B)−1.071 G0.073 0.9420 0.9466

f(N,B,Cb) 5.69× 103 N−0.359 (log2 B)−1.067 (log2 Cb)
−0.032 0.9041 0.9131

Table 1: Ablation analysis of the scaling law formulation modeling − ln(Accadj). Adj. R2
L and Adj. R2

O denote the
adjusted R2 in the log-transformed and original accuracy spaces, respectively. The full formulation achieves the
highest explanatory power, accurately capturing the variance across 165 fitted configurations.

Task Level Const (A)
Scaling Exponents (Sensitivity) Goodness-of-Fit

α(N) β(B) γ(Cb) δ(G) Adj. R2
L Adj. R2

O

General 3.98× 103 -0.359 -1.067 -0.032 0.073 0.9425 0.9475

L1: Memorization (KM) 2.08× 103 -0.315 -0.964 -0.040 0.064 0.9341 0.9350
L2: Application (KA) 7.37× 103 -0.409 -0.982 -0.023 0.069 0.9550 0.9626
L3: Reasoning (KR) 1.27× 104 -0.405 -1.356 -0.034 0.087 0.9156 0.9218

Table 2: Fitted scaling parameters for task-stratified scaling laws. The model form is − ln(Accadj) = A ·
Nα(log2 B)β(log2 Cb)

γGδ .

4.3 Task-Stratified Scaling Laws

While the general scaling law provides a macro-
scopic view, it inevitably masks the distinct scaling
behaviors of different knowledge capabilities. To
dissect these nuances, we derive separate scaling
laws for the three knowledge levels: knowledge
memorization, application, and reasoning. We fit
the full four-variable formulation to each task level
independently. Detailed ablation studies for each
level are provided in Appendix C.1.

4.3.1 Heterogeneous Sensitivity Analysis

Table 2 details the fitted parameters for each knowl-
edge level (standard errors and 95% confidence
intervals are provided in Appendix C.2 to confirm
statistical significance). As shown, all stratified for-
mulations achieve high goodness-of-fit, confirming
the universality of the proposed power-law formu-
lation. However, a cross-comparison of the expo-
nents reveals divergent sensitivities to quantization.
(1) Reasoning (KR) is Precision-Critical. L3
tasks exhibit the highest sensitivity to bit-width
(β = −1.356) and group granularity (δ = 0.087).
Notably, the bit-width sensitivity exceeds that of
KM and KA by nearly 40%. This supports the hy-
pothesis that reasoning relies on long-chain logical
deductions, where quantization noise accumulates
at each step (“error propagation”), rendering the
process highly fragile to precision loss.

(2) Application (KA) is Scale-Responsive. In
terms of model size, KA exhibits a high scaling
exponent (α = −0.409), contrasting with the no-
tably lower exponent of KM (α = −0.315). This
implies that while memorization capacity saturates
faster, application benefits significantly from scal-
ing up, consistent with the “emergence” properties
often observed in high-level cognitive tasks.
(3) Memorization (KM) is Calibration-Sensitive.
L1 tasks show a pronounced sensitivity to calibra-
tion data (γ = −0.040), nearly double that of the
more robust KA tasks. We attribute this to KM’s
reliance on precise activation alignment to trig-
ger Key-Value pairs in FFN layers (Geva et al.,
2021b). Unlike KA tasks, which rely on gener-
alized patterns robust to numerical shifts, KM’s
“exact lookup” mechanism is susceptible to distri-
bution shifts, necessitating richer calibration data.

4.3.2 The “Phase Transition” at 2-bit
We characterize the entry into the 2-bit region as
a critical “Phase Transition,” where the scaling be-
havior diverges sharply depending on model size
and task type.
(1) Systemic Collapse in Small-Scale Models. For
models with N < 2B, we observe a universal per-
formance collapse across all tasks. Scaling laws
fail to converge (Adj.R2

O < 0). Consequently, PTQ
tuning becomes ineffective, as the model lacks the
fundamental capacity to retain utility.
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Figure 6: Fitted performance surfaces under 2-bit quantization (N ≥ 4B). (a) KM and (b) KA retain robust scaling
behaviors with high goodness-of-fit (Adj.R2

O ≈ 0.91 and 0.87, respectively), exhibiting pronounced sensitivity to
G and Cb. In contrast, (c) KR exhibits a flat surface with poor fit (Adj.R2

O ≈ 0.22), indicating a structural collapse
of reasoning capabilities regardless of configuration adjustments.

(2) Capability Recovery in Large-Scale Models.
In contrast, larger models (N ≥ 4B) can maintain
capabilities, but with certain conditions. As shown
in Figure 6, while reasoning (KR) fails completely,
memorization (KM) and application (KA) are ef-
fectively recovered if fine-grained parameters are
optimized. Specifically, the scaling exponents for
G surges from ∼ 0.07 (General) to ∼ 0.60 (KM)
and ∼ 0.33 (KA), and calibration dependence in-
tensifies (γ ≈ −0.58). This implies that using
smaller group sizes and sufficient calibration data
is no longer optional, but essential for preventing
failure in the 2-bit region.

4.4 Cross-Architecture Validation on Llama-3

To verify the universality of our framework beyond
Qwen, we extend the evaluation to the Llama-3
family (1B, 3B, 8B) (Grattafiori et al., 2024) using
consistent quantization strategy and benchmarks.
We assess a representative subset of 42 configura-
tions within the effective compression zone.
Universality of the Scaling Framework. As
shown in Table 3, fitting the four-factor formulation
yields exceptional goodness-of-fit, with Adj.R2

O ex-
ceeding 0.92 across all knowledge levels. This con-
firms that our multiplicative power-law formulation
captures fundamental quantization dynamics inde-
pendent of architecture. Appendix D.1 provides
further visualizations and statistical validation for
these results.
Consistency of Knowledge Sensitivities. Cru-
cially, the fitted coefficients reinforce the distinct
sensitivities observed in Qwen3:
• Precision Critical: KR remains the most fragile,

showing the highest sensitivity to both bit-width
(β) and group size (δ).

Task Const(A) α(N) β(B) γ(Cb) δ(G) Adj. R2
O

General 2.91e3 -0.333 -1.501 -0.056 0.072 0.9595

L1: KM 5.32e2 -0.249 -1.596 -0.060 0.074 0.9622
L2: KA 2.19e4 -0.447 -1.462 -0.045 0.073 0.9709
L3: KR 9.66e3 -0.373 -1.645 -0.071 0.080 0.9277

Table 3: Fitted scaling parameters for Llama-3 family.

• Scale Responsive: KA exhibits the highest scal-
ing exponent (α) while maintaining the lowest
sensitivity to quantization coefficients. This con-
firms it benefits most from model scaling and is
relatively robust to quantization.

• Calibration Sensitive: Both KM and KR exhibit
heightened sensitivity to calibration data com-
pared to the robust KA. This reinforces our find-
ing that while KA is largely scale-driven, retain-
ing memorization and reasoning capabilities ne-
cessitates high-quality quantization parameters.

5 Conclusion

In this work, we formulate Task-Stratified Knowl-
edge Scaling Laws, integrating model size, bit-
width, and crucial fine-grained factors (group size
and calibration set size) into a unified frame-
work. Validated on 293 diverse configurations,
our framework demonstrates strong fit and cross-
architecture consistency. We identify distinct sensi-
tivities across knowledge capabilities: reasoning is
precision-critical, application is scale-responsive,
and memorization is calibration-sensitive. Further-
more, we emphasize that under low-bit quantiza-
tion, optimizing fine-grained factors is essential to
prevent performance collapse.
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Limitations

Our study primarily establishes task-stratified
PTQ scaling laws for representative dense Trans-
former architectures under weight-only quantiza-
tion. While the proposed framework covers diverse
knowledge capabilities, future research could ex-
tend these laws to other quantization paradigms
(e.g., activation quantization) and alternative archi-
tectures, such as Mixture-of-Experts (MoE).
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A Experimental Details

This appendix provides supplementary details to
support the reproducibility of our experiments, cov-
ering implementation specifics, benchmark stratifi-
cation rationale, and full model configurations.

A.1 Implementation and Evaluation Setup
Quantization Implementation. Experiments are
conducted using the Hugging Face Transformers li-
brary (Wolf et al., 2020), with GPTQ implemented
via the GPTQModel library. We employ default
hyperparameters unless otherwise specified. To es-
tablish a domain-agnostic baseline, we chose the
universal C4 dataset (Raffel et al., 2020) as our
calibration corpus. Samples are randomly drawn
with a fixed sequence length of 2048.

Evaluation Framework. We utilize the Lan-
guage Model Evaluation Harness (lm-eval,
v0.4.9) framework (Sutawika et al., 2025) for stan-
dardized testing. Most tasks are evaluated in a
5-shot setting. For multiple-choice tasks, we report
the “acc_norm” (accuracy normalized by choice
length) to mitigate length bias, while generative
tasks use “exact_match”. A specific exception is
the TREx benchmark (part of LAMA). We strictly
control the prompt variance: for each of the 39
relation types, we select the single prompt template
from the Pararel dataset (Elazar et al., 2021) where
the object [Y] is positioned at the end of the sen-
tence. Performance for TREx is reported using the
Precision@5 (P@5) metric.

A.2 Benchmarks Mapping and Statistics
Table 4 provides a comprehensive mapping of the
14 benchmarks to our cognitive taxonomy, along
with their statistical details.

A.3 Full Experimental Configurations
To ensure reproducibility and transparency, Table 9
enumerates all 293 experimental configurations
evaluated in this study, covering the Main (scal-
ing fit), Validation, and Generalization groups.

A.4 Numerical Stabilization in Regression
To ensure numerical stability during regression,
we implement filtering rules for the transformation
ln(− ln(Accadj)). Because this term is undefined
for Accadj ≤ 0 and approaches a mathematical
singularity as Accadj → 0+, we establish a lower-
bound threshold of ϵ = 0.01. Configurations yield-
ing Accadj ≤ 0.01 are considered “collapsed to ran-

dom guessing” and are excluded. At this boundary,
the transformation yields ln(− ln(0.01)) ≈ 1.527,
ensuring stable computation.

In our main experiments on the Qwen3 family,
exactly 6 configurations trigger this filter. All of
them share the most aggressive compression set-
ting: the smallest model size (N = 0.6B) at 3-
bit weight precision with the coarsest group size
(G = 1024).

B Definition of Adjusted R2

While the standard coefficient of determination
(R2) measures the proportion of variance explained
by the model, it tends to increase when more vari-
ables are added, regardless of their actual predic-
tive power. To provide a robust assessment that
accounts for model complexity, we employ the Adj.
R2 (denoted as R2

adj).
First, the standard R2 is defined as:

R2 = 1−
∑n

i=1(yi − ŷi)
2

∑n
i=1(yi − ȳ)2

, (4)

where yi is the true value, ŷi is the model prediction,
and ȳ is the empirical mean of the true values.

The Adj. R2 is then calculated as:

R2
adj = 1− (1−R2)

n− 1

n− p− 1
, (5)

where n is the sample size (number of observations)
and p is the number of predictors (independent vari-
ables) in the fitted model. Unlike standard R2, the
Adj. R2 penalizes the inclusion of non-informative
parameters, ensuring that the reported goodness-
of-fit accurately reflects the model’s explanatory
power relative to its complexity.

C Detailed Ablation and Statistical
Significance for Qwen3

C.1 Ablation Study on Fine-Grained Factors

To validate the necessity of including Group Size
(G) and Calibration Set Size (Cb) in our task-
stratified scaling laws, we conduct ablation studies
across the three knowledge capabilities (KM, KA,
KR), as detailed in Table 5.

The results consistently highlight two pat-
terns. First, adding G significantly enhances the
goodness-of-fit across all tasks (e.g., KR improves
from 0.8775 → 0.9212), confirming quantization
granularity as a universal determinant. Second, the
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Level Benchmark Domain Type Metric Baseline Size Characteristics

KM

TriviaQA Trivia & Web Gen EM ≈ 0 17,944
Factual Recall: Requires recalling pre-
cise entities (names, dates) from the in-
ternal knowledge base without complex
contextual transformation.

Natural Questions Wikipedia Gen EM ≈ 0 3,610
WebQuestions KB (Freebase) Gen EM ≈ 0 2,032
TREx (LAMA) KB (Wikidata) Gen P@5 ≈ 0 27,610
SQuAD (LAMA) Wikipedia Gen P@5 ≈ 0 212

KA

MMLU 57 Subjects MC (4) Acc 0.25 14,042 Flexible Application: Requires under-
standing contexts and applying internal-
ized knowledge for specific scenarios,
emphasizing flexible utilization rather
than strict facts lookup.

Hellaswag Commonsense MC (4) Acc 0.25 10,042
Winogrande Commonsense MC (2) Acc 0.50 1,267
ARC-Easy Science (Basic) MC (4) Acc 0.25 2,376

KR

ARC-Challenge Science (Hard) MC (4) Acc 0.25 1,172

Multi-step Reasoning: Requires con-
structing sequential logical chains (math-
ematical derivation or multi-hop logic).

StrategyQA Open-Domain MC (2) Acc 0.50 2,289
OpenbookQA Science & Common MC (4) Acc 0.25 500
MathQA Math MC (5) Acc 0.20 2,985
GSM8K Math Gen EM ≈ 0 1,319

Table 4: Detailed statistics and cognitive mapping of benchmarks. Type denotes the task format (Generative vs.
Multiple-Choice). Metric denotes Exact Match (EM), Accuracy (Acc), or Precision@5 (P@5). Characteristics
justifies the classification by highlighting the underlying task nature.

Formulation Fitted Function Adj. R2
L Adj. R2

O

L1: Knowledge Memorization (KM)

f(N,B,Cb, G) 2.08× 103 N−0.315 (log2 B)−0.964 (log2 Cb)
−0.040 G0.064 0.9341 0.9350

f(N,B) 2.51× 103 N−0.313 (log2 B)−0.959 0.8946 0.8993

f(N,B,G) 1.95× 103 N−0.315 (log2 B)−0.969 G0.064 0.9328 0.9326

f(N,B,Cb) 2.69× 103 N−0.313 (log2 B)−0.953 (log2 Cb)
−0.040 0.8957 0.9015

L2: Knowledge Application (KA)

f(N,B,Cb, G) 7.37× 103 N−0.409 (log2 B)−0.982 (log2 Cb)
−0.023 G0.069 0.9550 0.9626

f(N,B) 9.89× 103 N−0.409 (log2 B)−0.986 0.9276 0.9362

f(N,B,G) 7.09× 103 N−0.409 (log2 B)−0.986 G0.069 0.9549 0.9624

f(N,B,Cb) 1.03× 104 N−0.409 (log2 B)−0.982 (log2 Cb)
−0.023 0.9275 0.9362

L3: Knowledge Reasoning (KR)

f(N,B,Cb, G) 1.27× 104 N−0.405 (log2 B)−1.356 (log2 Cb)
−0.034 G0.087 0.9156 0.9218

f(N,B) 1.55× 104 N−0.398 (log2 B)−1.330 0.8738 0.8775

f(N,B,G) 1.20× 104 N−0.405 (log2 B)−1.361 G0.087 0.9154 0.9212

f(N,B,Cb) 1.64× 104 N−0.398 (log2 B)−1.325 (log2 Cb)
−0.034 0.8738 0.8779

Table 5: Ablation analysis for task-stratified scaling laws across three knowledge levels. Including fine-
grained factors (G,Cb) consistently improves goodness-of-fit. The model form is − ln(Accadj) = A ·
Nα(log2 B)β(log2 Cb)

γGδ .

impact of Cb varies by task nature: it yields negli-
gible improvement for the robust Knowledge Ap-
plication (KA) task, but provides detectable gains
for Knowledge Memorization (KM) and Reasoning
(KR). This empirical evidence reinforces the sen-
sitivity hierarchy discussed in Section 4.3, where
specific capabilities rely more heavily on precise
distribution alignment.
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Qwen3 Llama-3

Task Level Fit Validation Fit

General 0.0267 0.0630 0.0171
L1: KM 0.0219 0.0946 0.0147
L2: KA 0.0254 0.0292 0.0172
L3: KR 0.0361 0.0555 0.0227

Table 6: Mean Absolute Error (MAE) of the predicted
accuracy. ‘Validation’ denotes the held-out Qwen3-32B.

C.2 Statistical Significance of Scaling
Exponents

To rigorously validate that the observed sensitivi-
ties in the Qwen3 family are not artifacts of random
variance, we compute the Standard Errors (SE) and
95% Confidence Intervals (CI) for all fitted expo-
nents (α, β, γ, δ). The regressions were evaluated
using the statsmodels library. An exponent is
considered statistically significant if its 95% CI
strictly excludes zero.

The results, presented in Table 7, align with
our qualitative observations. Across all task lev-
els, the primary drivers (N,B,G) are highly sig-
nificant. Notably, the coefficient for calibra-
tion set size (γ(Cb)) is strictly negative for KM
(e.g., [−0.078,−0.002]), confirming its calibration-
sensitive nature, whereas it crosses zero for KA
([−0.063,+0.016]), indicating that application ca-
pabilities rely fundamentally on model scale rather
than granular calibration alignment.

D Cross-Architecture Validation and
Predictive Robustness

D.1 Scaling Law Analysis on Llama-3
Experimental Configuration Details. For the
Llama-3 generalization experiments, we analyze
42 representative quantization configurations in the
effective compression zone (3-bit and 4-bit). To
efficiently traverse the hyperparameter space, we
adopt a controlled grid search strategy: (1) Fixed
Group Size (G = 128) with varying Calibration Set
Sizes (Cb ∈ {8, 32, 128, 1024}); and (2) Fixed Cal-
ibration Set Size (Cb = 128) with varying Group
Sizes (G ∈ {32, 64, 128, 1024}). This setup en-
sures coverage of key sensitivity thresholds while
maintaining computational feasibility.

Visualization. Figure 7 compares the predicted and
actual adjusted accuracy across all three knowledge
levels for the Llama-3 family, visually confirming
the high goodness-of-fit reported in the main text.

Statistical Significance. As shown in Table 8, the
statistical behaviors strictly mirror those of Qwen3.
The primary factors remain highly significant (95%
CIs exclude zero). Crucially, the unique sensitivity
of Knowledge Memorization to calibration is pre-
served (γ(Cb) CI is [−0.113,−0.007]), confirming
that this calibration dependence is an architecture-
agnostic property of memorization tasks.

D.2 Predictive Quality and Extrapolation
While the Adjusted R2 measures the explained vari-
ance, deployment decisions often require evaluat-
ing the absolute predictive error. To this end, we
compute the Mean Absolute Error (MAE) across
both the Qwen3 and Llama-3 families.

As shown in Table 6, the MAE remains remark-
ably low. Crucially, scale-extrapolation on the held-
out Qwen3-32B validation model is highly reli-
able, with prediction errors for KA and KR strictly
bounded to ≈ 2.9% and ≈ 5.5% respectively.
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Task Level Metric α(N) β(B) γ(Cb) δ(G)

General Est. ± SE −0.359± 0.008 −1.067± 0.062 −0.033± 0.021 +0.074± 0.007

95% CI [−0.374,−0.344] [−1.189,−0.944] [−0.073,+0.008] [+0.060,+0.087]

L1: KM Est. ± SE −0.315± 0.007 −0.964± 0.058 −0.040± 0.019 +0.065± 0.007

95% CI [−0.329,−0.301] [−1.078,−0.849] [−0.078,−0.002] [+0.051,+0.078]

L2: KA Est. ± SE −0.409± 0.007 −0.982± 0.061 −0.023± 0.020 +0.069± 0.007

95% CI [−0.424,−0.395] [−1.102,−0.863] [−0.063,+0.016] [+0.055,+0.082]

L3: KR Est. ± SE −0.405± 0.011 −1.356± 0.085 −0.034± 0.028 +0.087± 0.010

95% CI [−0.425,−0.384] [−1.523,−1.189] [−0.089,+0.022] [+0.068,+0.107]

Table 7: Statistical significance of the fitted scaling exponents for the Qwen3 family. CIs that strictly exclude zero
indicate statistical significance.
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Figure 7: Goodness-of-fit visualization for Llama-3 family. The scatter plots compare the predicted adjusted accuracy
(y-axis) against the actual empirical values (x-axis) for (a) Memorization, (b) Application, and (c) Reasoning. The
close alignment with the dashed diagonal line (y = x) indicates high predictive accuracy. Point size corresponds to
model size (1B, 3B, 8B), and color indicates bit-width.

Task Level Metric α(N) β(B) γ(Cb) δ(G)

General Est. ± SE −0.333± 0.013 −1.501± 0.091 −0.056± 0.030 +0.072± 0.011

95% CI [−0.360,−0.307] [−1.685,−1.318] [−0.117,+0.005] [+0.050,+0.093]

L1: KM Est. ± SE −0.249± 0.011 −1.596± 0.079 −0.060± 0.026 +0.074± 0.009

95% CI [−0.273,−0.226] [−1.756,−1.437] [−0.113,−0.007] [+0.055,+0.093]

L2: KA Est. ± SE −0.447± 0.014 −1.462± 0.095 −0.045± 0.032 +0.073± 0.011

95% CI [−0.475,−0.419] [−1.655,−1.268] [−0.109,+0.019] [+0.050,+0.096]

L3: KR Est. ± SE −0.373± 0.019 −1.645± 0.131 −0.071± 0.044 +0.080± 0.016

95% CI [−0.411,−0.334] [−1.911,−1.379] [−0.159,+0.018] [+0.048,+0.111]

Table 8: Statistical significance of the fitted scaling exponents for the Llama-3 family, demonstrating cross-
architecture consistency.
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Table 9: All configurations of experiments. The Type column classifies the 293 data points into three roles: Fit (245
Qwen3 configurations for fitting scaling coefficients), Val (6 held-out Qwen3-32B configurations for extrapolation
validation), and Gen (42 Llama-3 configurations for cross-architecture generalization).

No. Model N B G Cb Type No. Model N B G Cb Type

0 Qwen3-0.6B 440,467,456 8 128 128 Fit 1 Qwen3-0.6B 440,467,456 4 32 8 Fit
2 Qwen3-0.6B 440,467,456 4 32 32 Fit 3 Qwen3-0.6B 440,467,456 4 32 128 Fit
4 Qwen3-0.6B 440,467,456 4 32 1024 Fit 5 Qwen3-0.6B 440,467,456 4 64 8 Fit
6 Qwen3-0.6B 440,467,456 4 64 32 Fit 7 Qwen3-0.6B 440,467,456 4 64 128 Fit
8 Qwen3-0.6B 440,467,456 4 64 1024 Fit 9 Qwen3-0.6B 440,467,456 4 128 8 Fit
10 Qwen3-0.6B 440,467,456 4 128 32 Fit 11 Qwen3-0.6B 440,467,456 4 128 128 Fit
12 Qwen3-0.6B 440,467,456 4 128 1024 Fit 13 Qwen3-0.6B 440,467,456 4 1024 8 Fit
14 Qwen3-0.6B 440,467,456 4 1024 32 Fit 15 Qwen3-0.6B 440,467,456 4 1024 128 Fit
16 Qwen3-0.6B 440,467,456 4 1024 1024 Fit 17 Qwen3-0.6B 440,467,456 3 32 8 Fit
18 Qwen3-0.6B 440,467,456 3 32 32 Fit 19 Qwen3-0.6B 440,467,456 3 32 128 Fit
20 Qwen3-0.6B 440,467,456 3 32 1024 Fit 21 Qwen3-0.6B 440,467,456 3 64 8 Fit
22 Qwen3-0.6B 440,467,456 3 64 32 Fit 23 Qwen3-0.6B 440,467,456 3 64 128 Fit
24 Qwen3-0.6B 440,467,456 3 64 1024 Fit 25 Qwen3-0.6B 440,467,456 3 128 8 Fit
26 Qwen3-0.6B 440,467,456 3 128 32 Fit 27 Qwen3-0.6B 440,467,456 3 128 128 Fit
28 Qwen3-0.6B 440,467,456 3 128 1024 Fit 29 Qwen3-0.6B 440,467,456 3 1024 8 Fit
30 Qwen3-0.6B 440,467,456 3 1024 32 Fit 31 Qwen3-0.6B 440,467,456 3 1024 128 Fit
32 Qwen3-0.6B 440,467,456 3 1024 1024 Fit 33 Qwen3-0.6B 440,467,456 2 32 8 Fit
34 Qwen3-0.6B 440,467,456 2 32 32 Fit 35 Qwen3-0.6B 440,467,456 2 32 128 Fit
36 Qwen3-0.6B 440,467,456 2 32 1024 Fit 37 Qwen3-0.6B 440,467,456 2 64 8 Fit
38 Qwen3-0.6B 440,467,456 2 64 32 Fit 39 Qwen3-0.6B 440,467,456 2 64 128 Fit
40 Qwen3-0.6B 440,467,456 2 64 1024 Fit 41 Qwen3-0.6B 440,467,456 2 128 8 Fit
42 Qwen3-0.6B 440,467,456 2 128 32 Fit 43 Qwen3-0.6B 440,467,456 2 128 128 Fit
44 Qwen3-0.6B 440,467,456 2 128 1024 Fit 45 Qwen3-0.6B 440,467,456 2 1024 8 Fit
46 Qwen3-0.6B 440,467,456 2 1024 32 Fit 47 Qwen3-0.6B 440,467,456 2 1024 128 Fit
48 Qwen3-0.6B 440,467,456 2 1024 1024 Fit 49 Qwen3-1.7B 1,409,410,048 8 128 128 Fit
50 Qwen3-1.7B 1,409,410,048 4 32 8 Fit 51 Qwen3-1.7B 1,409,410,048 4 32 32 Fit
52 Qwen3-1.7B 1,409,410,048 4 32 128 Fit 53 Qwen3-1.7B 1,409,410,048 4 32 1024 Fit
54 Qwen3-1.7B 1,409,410,048 4 64 8 Fit 55 Qwen3-1.7B 1,409,410,048 4 64 32 Fit
56 Qwen3-1.7B 1,409,410,048 4 64 128 Fit 57 Qwen3-1.7B 1,409,410,048 4 64 1024 Fit
58 Qwen3-1.7B 1,409,410,048 4 128 8 Fit 59 Qwen3-1.7B 1,409,410,048 4 128 32 Fit
60 Qwen3-1.7B 1,409,410,048 4 128 128 Fit 61 Qwen3-1.7B 1,409,410,048 4 128 1024 Fit
62 Qwen3-1.7B 1,409,410,048 4 1024 8 Fit 63 Qwen3-1.7B 1,409,410,048 4 1024 32 Fit
64 Qwen3-1.7B 1,409,410,048 4 1024 128 Fit 65 Qwen3-1.7B 1,409,410,048 4 1024 1024 Fit
66 Qwen3-1.7B 1,409,410,048 3 32 8 Fit 67 Qwen3-1.7B 1,409,410,048 3 32 32 Fit
68 Qwen3-1.7B 1,409,410,048 3 32 128 Fit 69 Qwen3-1.7B 1,409,410,048 3 32 1024 Fit
70 Qwen3-1.7B 1,409,410,048 3 64 8 Fit 71 Qwen3-1.7B 1,409,410,048 3 64 32 Fit
72 Qwen3-1.7B 1,409,410,048 3 64 128 Fit 73 Qwen3-1.7B 1,409,410,048 3 64 1024 Fit
74 Qwen3-1.7B 1,409,410,048 3 128 8 Fit 75 Qwen3-1.7B 1,409,410,048 3 128 32 Fit
76 Qwen3-1.7B 1,409,410,048 3 128 128 Fit 77 Qwen3-1.7B 1,409,410,048 3 128 1024 Fit
78 Qwen3-1.7B 1,409,410,048 3 1024 8 Fit 79 Qwen3-1.7B 1,409,410,048 3 1024 32 Fit
80 Qwen3-1.7B 1,409,410,048 3 1024 128 Fit 81 Qwen3-1.7B 1,409,410,048 3 1024 1024 Fit
82 Qwen3-1.7B 1,409,410,048 2 32 8 Fit 83 Qwen3-1.7B 1,409,410,048 2 32 32 Fit
84 Qwen3-1.7B 1,409,410,048 2 32 128 Fit 85 Qwen3-1.7B 1,409,410,048 2 32 1024 Fit
86 Qwen3-1.7B 1,409,410,048 2 64 8 Fit 87 Qwen3-1.7B 1,409,410,048 2 64 32 Fit
88 Qwen3-1.7B 1,409,410,048 2 64 128 Fit 89 Qwen3-1.7B 1,409,410,048 2 64 1024 Fit
90 Qwen3-1.7B 1,409,410,048 2 128 8 Fit 91 Qwen3-1.7B 1,409,410,048 2 128 32 Fit
92 Qwen3-1.7B 1,409,410,048 2 128 128 Fit 93 Qwen3-1.7B 1,409,410,048 2 128 1024 Fit
94 Qwen3-1.7B 1,409,410,048 2 1024 8 Fit 95 Qwen3-1.7B 1,409,410,048 2 1024 32 Fit
96 Qwen3-1.7B 1,409,410,048 2 1024 128 Fit 97 Qwen3-1.7B 1,409,410,048 2 1024 1024 Fit
98 Qwen3-4B 3,633,511,936 8 128 128 Fit 99 Qwen3-4B 3,633,511,936 4 32 8 Fit

100 Qwen3-4B 3,633,511,936 4 32 32 Fit 101 Qwen3-4B 3,633,511,936 4 32 128 Fit
102 Qwen3-4B 3,633,511,936 4 32 1024 Fit 103 Qwen3-4B 3,633,511,936 4 64 8 Fit
104 Qwen3-4B 3,633,511,936 4 64 32 Fit 105 Qwen3-4B 3,633,511,936 4 64 128 Fit
106 Qwen3-4B 3,633,511,936 4 64 1024 Fit 107 Qwen3-4B 3,633,511,936 4 128 8 Fit
108 Qwen3-4B 3,633,511,936 4 128 32 Fit 109 Qwen3-4B 3,633,511,936 4 128 128 Fit
110 Qwen3-4B 3,633,511,936 4 128 1024 Fit 111 Qwen3-4B 3,633,511,936 4 1024 8 Fit

Continued on next page
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Table 9 – continued from previous page

No. Model N B G Cb Type No. Model N B G Cb Type

112 Qwen3-4B 3,633,511,936 4 1024 32 Fit 113 Qwen3-4B 3,633,511,936 4 1024 128 Fit
114 Qwen3-4B 3,633,511,936 4 1024 1024 Fit 115 Qwen3-4B 3,633,511,936 3 32 8 Fit
116 Qwen3-4B 3,633,511,936 3 32 32 Fit 117 Qwen3-4B 3,633,511,936 3 32 128 Fit
118 Qwen3-4B 3,633,511,936 3 32 1024 Fit 119 Qwen3-4B 3,633,511,936 3 64 8 Fit
120 Qwen3-4B 3,633,511,936 3 64 32 Fit 121 Qwen3-4B 3,633,511,936 3 64 128 Fit
122 Qwen3-4B 3,633,511,936 3 64 1024 Fit 123 Qwen3-4B 3,633,511,936 3 128 8 Fit
124 Qwen3-4B 3,633,511,936 3 128 32 Fit 125 Qwen3-4B 3,633,511,936 3 128 128 Fit
126 Qwen3-4B 3,633,511,936 3 128 1024 Fit 127 Qwen3-4B 3,633,511,936 3 1024 8 Fit
128 Qwen3-4B 3,633,511,936 3 1024 32 Fit 129 Qwen3-4B 3,633,511,936 3 1024 128 Fit
130 Qwen3-4B 3,633,511,936 3 1024 1024 Fit 131 Qwen3-4B 3,633,511,936 2 32 8 Fit
132 Qwen3-4B 3,633,511,936 2 32 32 Fit 133 Qwen3-4B 3,633,511,936 2 32 128 Fit
134 Qwen3-4B 3,633,511,936 2 32 1024 Fit 135 Qwen3-4B 3,633,511,936 2 64 8 Fit
136 Qwen3-4B 3,633,511,936 2 64 32 Fit 137 Qwen3-4B 3,633,511,936 2 64 128 Fit
138 Qwen3-4B 3,633,511,936 2 64 1024 Fit 139 Qwen3-4B 3,633,511,936 2 128 8 Fit
140 Qwen3-4B 3,633,511,936 2 128 32 Fit 141 Qwen3-4B 3,633,511,936 2 128 128 Fit
142 Qwen3-4B 3,633,511,936 2 128 1024 Fit 143 Qwen3-4B 3,633,511,936 2 1024 8 Fit
144 Qwen3-4B 3,633,511,936 2 1024 32 Fit 145 Qwen3-4B 3,633,511,936 2 1024 128 Fit
146 Qwen3-4B 3,633,511,936 2 1024 1024 Fit 147 Qwen3-8B 6,946,075,648 8 128 128 Fit
148 Qwen3-8B 6,946,075,648 4 32 8 Fit 149 Qwen3-8B 6,946,075,648 4 32 32 Fit
150 Qwen3-8B 6,946,075,648 4 32 128 Fit 151 Qwen3-8B 6,946,075,648 4 32 1024 Fit
152 Qwen3-8B 6,946,075,648 4 64 8 Fit 153 Qwen3-8B 6,946,075,648 4 64 32 Fit
154 Qwen3-8B 6,946,075,648 4 64 128 Fit 155 Qwen3-8B 6,946,075,648 4 64 1024 Fit
156 Qwen3-8B 6,946,075,648 4 128 8 Fit 157 Qwen3-8B 6,946,075,648 4 128 32 Fit
158 Qwen3-8B 6,946,075,648 4 128 128 Fit 159 Qwen3-8B 6,946,075,648 4 128 1024 Fit
160 Qwen3-8B 6,946,075,648 4 1024 8 Fit 161 Qwen3-8B 6,946,075,648 4 1024 32 Fit
162 Qwen3-8B 6,946,075,648 4 1024 128 Fit 163 Qwen3-8B 6,946,075,648 4 1024 1024 Fit
164 Qwen3-8B 6,946,075,648 3 32 8 Fit 165 Qwen3-8B 6,946,075,648 3 32 32 Fit
166 Qwen3-8B 6,946,075,648 3 32 128 Fit 167 Qwen3-8B 6,946,075,648 3 32 1024 Fit
168 Qwen3-8B 6,946,075,648 3 64 8 Fit 169 Qwen3-8B 6,946,075,648 3 64 32 Fit
170 Qwen3-8B 6,946,075,648 3 64 128 Fit 171 Qwen3-8B 6,946,075,648 3 64 1024 Fit
172 Qwen3-8B 6,946,075,648 3 128 8 Fit 173 Qwen3-8B 6,946,075,648 3 128 32 Fit
174 Qwen3-8B 6,946,075,648 3 128 128 Fit 175 Qwen3-8B 6,946,075,648 3 128 1024 Fit
176 Qwen3-8B 6,946,075,648 3 1024 8 Fit 177 Qwen3-8B 6,946,075,648 3 1024 32 Fit
178 Qwen3-8B 6,946,075,648 3 1024 128 Fit 179 Qwen3-8B 6,946,075,648 3 1024 1024 Fit
180 Qwen3-8B 6,946,075,648 2 32 8 Fit 181 Qwen3-8B 6,946,075,648 2 32 32 Fit
182 Qwen3-8B 6,946,075,648 2 32 128 Fit 183 Qwen3-8B 6,946,075,648 2 32 1024 Fit
184 Qwen3-8B 6,946,075,648 2 64 8 Fit 185 Qwen3-8B 6,946,075,648 2 64 32 Fit
186 Qwen3-8B 6,946,075,648 2 64 128 Fit 187 Qwen3-8B 6,946,075,648 2 64 1024 Fit
188 Qwen3-8B 6,946,075,648 2 128 8 Fit 189 Qwen3-8B 6,946,075,648 2 128 32 Fit
190 Qwen3-8B 6,946,075,648 2 128 128 Fit 191 Qwen3-8B 6,946,075,648 2 128 1024 Fit
192 Qwen3-8B 6,946,075,648 2 1024 8 Fit 193 Qwen3-8B 6,946,075,648 2 1024 32 Fit
194 Qwen3-8B 6,946,075,648 2 1024 128 Fit 195 Qwen3-8B 6,946,075,648 2 1024 1024 Fit
196 Qwen3-14B 13,212,482,560 8 128 128 Fit 197 Qwen3-14B 13,212,482,560 4 32 8 Fit
198 Qwen3-14B 13,212,482,560 4 32 32 Fit 199 Qwen3-14B 13,212,482,560 4 32 128 Fit
200 Qwen3-14B 13,212,482,560 4 32 1024 Fit 201 Qwen3-14B 13,212,482,560 4 64 8 Fit
202 Qwen3-14B 13,212,482,560 4 64 32 Fit 203 Qwen3-14B 13,212,482,560 4 64 128 Fit
204 Qwen3-14B 13,212,482,560 4 64 1024 Fit 205 Qwen3-14B 13,212,482,560 4 128 8 Fit
206 Qwen3-14B 13,212,482,560 4 128 32 Fit 207 Qwen3-14B 13,212,482,560 4 128 128 Fit
208 Qwen3-14B 13,212,482,560 4 128 1024 Fit 209 Qwen3-14B 13,212,482,560 4 1024 8 Fit
210 Qwen3-14B 13,212,482,560 4 1024 32 Fit 211 Qwen3-14B 13,212,482,560 4 1024 128 Fit
212 Qwen3-14B 13,212,482,560 4 1024 1024 Fit 213 Qwen3-14B 13,212,482,560 3 32 8 Fit
214 Qwen3-14B 13,212,482,560 3 32 32 Fit 215 Qwen3-14B 13,212,482,560 3 32 128 Fit
216 Qwen3-14B 13,212,482,560 3 32 1024 Fit 217 Qwen3-14B 13,212,482,560 3 64 8 Fit
218 Qwen3-14B 13,212,482,560 3 64 32 Fit 219 Qwen3-14B 13,212,482,560 3 64 128 Fit
220 Qwen3-14B 13,212,482,560 3 64 1024 Fit 221 Qwen3-14B 13,212,482,560 3 128 8 Fit
222 Qwen3-14B 13,212,482,560 3 128 32 Fit 223 Qwen3-14B 13,212,482,560 3 128 128 Fit
224 Qwen3-14B 13,212,482,560 3 128 1024 Fit 225 Qwen3-14B 13,212,482,560 3 1024 8 Fit
226 Qwen3-14B 13,212,482,560 3 1024 32 Fit 227 Qwen3-14B 13,212,482,560 3 1024 128 Fit
228 Qwen3-14B 13,212,482,560 3 1024 1024 Fit 229 Qwen3-14B 13,212,482,560 2 32 8 Fit
230 Qwen3-14B 13,212,482,560 2 32 32 Fit 231 Qwen3-14B 13,212,482,560 2 32 128 Fit
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Table 9 – continued from previous page

No. Model N B G Cb Type No. Model N B G Cb Type

232 Qwen3-14B 13,212,482,560 2 32 1024 Fit 233 Qwen3-14B 13,212,482,560 2 64 8 Fit
234 Qwen3-14B 13,212,482,560 2 64 32 Fit 235 Qwen3-14B 13,212,482,560 2 64 128 Fit
236 Qwen3-14B 13,212,482,560 2 64 1024 Fit 237 Qwen3-14B 13,212,482,560 2 128 8 Fit
238 Qwen3-14B 13,212,482,560 2 128 32 Fit 239 Qwen3-14B 13,212,482,560 2 128 128 Fit
240 Qwen3-14B 13,212,482,560 2 128 1024 Fit 241 Qwen3-14B 13,212,482,560 2 1024 8 Fit
242 Qwen3-14B 13,212,482,560 2 1024 32 Fit 243 Qwen3-14B 13,212,482,560 2 1024 128 Fit
244 Qwen3-14B 13,212,482,560 2 1024 1024 Fit 245 Qwen3-32B 31,206,298,624 8 128 128 Val
246 Qwen3-32B 31,206,298,624 4 32 128 Val 247 Qwen3-32B 31,206,298,624 4 128 8 Val
248 Qwen3-32B 31,206,298,624 4 128 128 Val 249 Qwen3-32B 31,206,298,624 4 1024 128 Val
250 Qwen3-32B 31,206,298,624 3 128 128 Val 251 Llama-3.2-1B 973,146,112 4 32 128 Gen
252 Llama-3.2-1B 973,146,112 4 64 128 Gen 253 Llama-3.2-1B 973,146,112 4 128 8 Gen
254 Llama-3.2-1B 973,146,112 4 128 32 Gen 255 Llama-3.2-1B 973,146,112 4 128 128 Gen
256 Llama-3.2-1B 973,146,112 4 128 1024 Gen 257 Llama-3.2-1B 973,146,112 4 1024 128 Gen
258 Llama-3.2-1B 973,146,112 3 32 128 Gen 259 Llama-3.2-1B 973,146,112 3 64 128 Gen
260 Llama-3.2-1B 973,146,112 3 128 8 Gen 261 Llama-3.2-1B 973,146,112 3 128 32 Gen
262 Llama-3.2-1B 973,146,112 3 128 128 Gen 263 Llama-3.2-1B 973,146,112 3 128 1024 Gen
264 Llama-3.2-1B 973,146,112 3 1024 128 Gen 265 Llama-3.2-3B 2,818,747,392 4 32 128 Gen
266 Llama-3.2-3B 2,818,747,392 4 64 128 Gen 267 Llama-3.2-3B 2,818,747,392 4 128 8 Gen
268 Llama-3.2-3B 2,818,747,392 4 128 32 Gen 269 Llama-3.2-3B 2,818,747,392 4 128 128 Gen
270 Llama-3.2-3B 2,818,747,392 4 128 1024 Gen 271 Llama-3.2-3B 2,818,747,392 4 1024 128 Gen
272 Llama-3.2-3B 2,818,747,392 3 32 128 Gen 273 Llama-3.2-3B 2,818,747,392 3 64 128 Gen
274 Llama-3.2-3B 2,818,747,392 3 128 8 Gen 275 Llama-3.2-3B 2,818,747,392 3 128 32 Gen
276 Llama-3.2-3B 2,818,747,392 3 128 128 Gen 277 Llama-3.2-3B 2,818,747,392 3 128 1024 Gen
278 Llama-3.2-3B 2,818,747,392 3 1024 128 Gen 279 Llama-3.1-8B 6,979,588,096 4 32 128 Gen
280 Llama-3.1-8B 6,979,588,096 4 64 128 Gen 281 Llama-3.1-8B 6,979,588,096 4 128 8 Gen
282 Llama-3.1-8B 6,979,588,096 4 128 32 Gen 283 Llama-3.1-8B 6,979,588,096 4 128 128 Gen
284 Llama-3.1-8B 6,979,588,096 4 128 1024 Gen 285 Llama-3.1-8B 6,979,588,096 4 1024 128 Gen
286 Llama-3.1-8B 6,979,588,096 3 32 128 Gen 287 Llama-3.1-8B 6,979,588,096 3 64 128 Gen
288 Llama-3.1-8B 6,979,588,096 3 128 8 Gen 289 Llama-3.1-8B 6,979,588,096 3 128 32 Gen
290 Llama-3.1-8B 6,979,588,096 3 128 128 Gen 291 Llama-3.1-8B 6,979,588,096 3 128 1024 Gen
292 Llama-3.1-8B 6,979,588,096 3 1024 128 Gen
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