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Abstract
As large language models (LLMs) grow, their
compute and memory demands become pro-
hibitive for on-device deployment. Quanti-
zation is a crucial technique to shrink model
footprint and accelerate inference, but aggres-
sively low-bit weight-activation quantization
schemes often sacrifice accuracy. Quantiza-
tion Aware Training (QAT) is a commonly used
paradigm to minimize quantization noise, but
is extremely expensive to train and often un-
scalable to large models. We introduce PE-
QAT, a parameter-efficient framework target-
ing per-channel 4-bit weight-activation quanti-
zation of LLMs, which aims to preserve model
accuracy while significantly reducing resource
requirements. The proposed method freezes
the base model and trains lightweight LoRA
adapters by fake quantizing the merged-weight
model, enabling PE-QAT to scale efficiently
unlike full QAT. We apply fake quantization
with Straight-Through Estimators (STE) to the
merged weights, allowing the adapters to ex-
plicitly compensate for quantization noise dur-
ing training. One of the biggest challenges
with quantizing activations alongside weights
is addressing outliers that are orders of mag-
nitude larger than other activations, which in-
flate quantization scales and suppress lower-
magnitude values. To mitigate the impact of se-
vere activation outliers, PE-QAT jointly learns
per-channel smoothing factors and symmetric
activation clipping thresholds. PE-QAT retains
accuracy within 0.11 percentage points of the
full-precision baseline on Llama-2-7B zero-
shot tasks while training only 1.26% of total
parameters.

1 Introduction

Resource constraints are a recurring challenge in
real-world deep learning deployment, including
edge-deployed vision systems (Mishra et al., 2025)
and large language models (Touvron et al., 2023;
Brown et al., 2020). For LLMs in particular, de-
ployment is increasingly bottlenecked by memory

bandwidth and capacity, making 4-bit quantization
a standard efficiency target. However, naive low-bit
quantization, particularly of activations, often leads
to severe performance degradation (Dettmers et al.,
2022; Frantar et al., 2023) due to outliers that are
orders of magnitude larger than the rest of the acti-
vations, driving up scales and effectively suppress-
ing the majority of the activation values. Current
solutions typically fall into two categories: Post-
Training Quantization (PTQ) and Quantization-
Aware Training (QAT). PTQ methods like GPTQ
(Frantar et al., 2023) and AWQ (Lin et al., 2024)
utilize efficient calibrations but can struggle to re-
cover accuracy in aggressive W4A4 settings. Full
QAT (Jacob et al., 2018; Esser et al., 2020), while
capable of high accuracy, is computationally expen-
sive, often exceeding that of full fine tuning. In this
work, we introduce PE-QAT, a resource-efficient
post-training framework that targets per-channel
W4A4 quantization. Instead of updating the mas-
sive base model, PE-QAT freezes the full-precision
base weights, injects trainable Low-Rank Adapters
(LoRA) (Hu et al., 2022) to compensate for quanti-
zation error, quantizes the merged model (avoiding
the overhead from mixed precision inference), and
learns per-channel SmoothQuant-style (Xiao et al.,
2023) smoothing factors and symmetric clipping
thresholds during backpropagation to address ac-
tivation outliers. PE-QAT reduces training costs
compared to full QAT by training only 1% of the to-
tal trainable parameters, while providing the quan-
tized model with more flexibility to adapt to quan-
tization noise than PTQ methods. We demonstrate
that PE-QAT loses only 0.11 accuracy compared to
the full precision accuracy on zero-shot common-
sense reasoning tasks for Llama-2-7B, offering a
practical middle ground between the accessibility
of PTQ and the performance of full QAT.

701



2 Background

2.1 Quantization
Uniform symmetric quantization (Jacob et al.,
2018; Gholami et al., 2021) maps floating-point
weights W to a discrete set of integer levels. For
b-bit quantization, we define the quantization range
as Qmin = −2b−1, Qmax = 2b−1 − 1.

The scale factor (step size between quantization
levels) is computed as:

s =
max(|W |)
Qmax

Quantization is performed by dividing by the
scale, rounding, and clipping:

wq = clip
(⌊

W

s

⌉
, Qmin, Qmax

)

where wq ∈ Z are the quantized integer weights.
Dequantization recovers the floating-point approxi-
mation by multiplying by the scale:

W̃ = wq · s

Weight-only quantization replaces the standard
forward pass Y = WX with Ỹ = W̃X , still re-
quiring floating point matrix multiplication. To
enable full integer arithmetic, weight-activation
quantization is performed using the same proce-
dure with scale sx = max(|X|)/Qmax:

Ỹ = sw · sx · (wq · xq)

where the integer matrix multiplication wq · xq
can be performed efficiently, and the scales are
applied as a single floating-point multiplication at
the end.

2.2 LoRA
Rather than updating entire model weights during
training, Low-Rank Adapters (LoRA) (Hu et al.,
2022) inject small trainable rank decomposition
matrices while freezing the original weights. Given
a weight matrix W0 ∈ Rd×k, LoRA introduces
two low-rank matrices B ∈ Rd×r and A ∈ Rr×k,
where r ≪ min(d, k).

W = W0 +
αLoRA

r
BA

Where αLoRA is a hyperparameter that controls the
influence of the adaptors.

W = W0 +∆W

where ∆W ∈ Rd×k. Low Rank Adapters thus
reduce the number of trainable parameters from
d×k to r×(d+k), enabling efficient adaptation of
large models with minimal resource requirements,
as r is kept at a much smaller value than d and k.

3 Proposed Method

We introduce Parameter-Efficient Quantization-
Aware Training (PE-QAT), a framework that de-
livers a middle ground between the efficiency of
PTQ and performance of QAT. PE-QAT avoids
the prohibitive memory cost of standard QAT by
freezing the full-precision base model and inject-
ing trainable parameters only through LoRA and
lightweight quantization parameters. We quantize
weights and activations to 4 bits using per-channel
symmetric quantization, and keep the KV-cache
in full precision. We apply PE-QAT to the atten-
tion projections and MLP projections in each trans-
former block.

3.1 Architecture Overview

Algorithm 1 presents the complete PE-QAT for-
ward pass for a single linear layer. Given pre-
trained weight matrix W0 ∈ Rd×k (where d is
the output dimension and k is the input dimen-
sion) and input activations X ∈ RN×k (where N
is batch size × sequence length), PE-QAT merges
LoRA adapters, applies learned smoothing, clips
activations, and performs fake quantization with
Straight-Through Estimators (STE) for gradient
flow. In our notation, weight matrix W is orga-
nized with output channels as rows and input chan-
nels as columns, so the linear transformation is
computed as Y = XW T where W T ∈ Rk×d is
the transposed weight matrix. Current implemen-
tation uses fake quantization; real INT4 inference
requires additional deployment optimization. At
inference, the merged weights Weff would be quan-
tized to INT4 and scales pre-computed, enabling
efficient integer matrix multiplication (Xq)(Wq)

T

with post-hoc scaling.

3.2 Learnable Activation Outlier Smoothing

Activation outliers in LLMs (Dettmers et al., 2022)
(e.g., Llama-2 (Touvron et al., 2023)) make static
W4A4 quantization difficult. Instead of using
fixed calibration scales, PE-QAT uses learnable
per-input-channel smoothing factors ssmooth ∈ Rk.

The smoothing operation applies per-input-
channel scaling to migrate quantization difficulty
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Algorithm 1 PE-QAT Forward Pass (per linear
layer)

Require: Pre-trained weight W0 ∈ Rd×k, input X ∈ RN×k

Require: LoRA adapters B ∈ Rd×r , A ∈ Rr×k, scaling
αLoRA, rank r

Require: Learned smoothing ssmooth ∈ Rk, clipping αclip ∈
Rk

Require: Quantization bits b = 4, Qmin = −2b−1, Qmax =
2b−1 − 1

Ensure: Quantized output Y ∈ RN×d

1: // Step 1: Merge LoRA with base weights
2: Weff ←W0 +

αLoRA
r

BA
3: // Step 2: Apply per-channel smoothing (vectorized

over columns)
4: W ′(:,c) ←W

(:,c)
eff · s(c)smooth for c = 1, . . . , k

5: X ′(:,c) ← X(:,c)/s
(c)
smooth for c = 1, . . . , k

6: // Step 3: Clip activations per input channel (vector-
ized over rows)

7: X
(:,c)
clipped ← clip(X ′(:,c),−α(c)

clip, α
(c)
clip) for c = 1, . . . , k

8: // Step 4: Quantize weights per output channel (vector-
ized over columns)

9: for j = 1 to d do
10: s

(j)
w ← maxc∈[1,k] |W ′(j,c)|/Qmax

11: W
(j,:)
q ← clip

(
round(W ′(j,:)/s(j)w ), Qmin, Qmax

)

12: W̃ (j,:) ←W
(j,:)
q · s(j)w

13: end for
14: // Step 5: Quantize activations per input channel (vec-

torized over rows)
15: for c = 1 to k do
16: s

(c)
x ← α

(c)
clip/Qmax

17: X
(:,c)
q ← clip

(
round(X(:,c)

clipped/s
(c)
x ), Qmin, Qmax

)

18: X̃(:,c) ← X
(:,c)
q · s(c)x

19: end for
20: // Step 6: Compute output via transposed matrix mul-

tiplication
21: Y ← X̃W̃T ▷ Y ∈ RN×d, gradients flow via STE
22: Return Y

from activations to weights. Specifically, for each
input channel c ∈ [1, k], we scale the correspond-
ing column in both the weight matrix and activation
matrix:

W ′(j,c) = W
(j,c)
eff · s(c)smooth, ∀j ∈ [1, d] (1)

X ′(t,c) = X(t,c)/s
(c)
smooth, ∀t ∈ [1, N ] (2)

This operation preserves the linear transformation
since:

Y = XW T

= X ′ diag(ssmooth) diag(ssmooth)
−1(W ′)T

= X ′(W ′)T .
(3)

where diag(ssmooth) ∈ Rk×k is a diagonal matrix
with s

(c)
smooth on the diagonal. By updating ssmooth

during training via gradient descent, the model dy-
namically learns the optimal per-channel scale to
suppress activation outliers, making X ′ easier to
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Figure 1: Perplexity vs. Accuracy Tradeoff. PE-
QAT (blue) achieves slightly higher accuracy (+0.19%)
than SpinQuant-H (orange) without requiring Hadamard
transformations, despite the perplexity difference. Both
methods sit in the "High Accuracy Zone" alongside the
FP16 baseline, far separated from prior PTQ methods.

quantize while shifting the quantization difficulty
to weights W ′, which typically have a more fa-
vorable distribution for quantization. We initial-
ize the smoothing factors using a percentile-based
variant of SmoothQuant (Xiao et al., 2023). Let
Xc = {X(s,t,c) : s ∈ [1, Bcal], t ∈ [1, T ]} denote
the set of activation values for input channel c col-
lected over Bcal calibration batches with sequence
length T . Let Wc = {W (j,c)

0 : j ∈ [1, d]} de-
note the set of weight values in column c of the
pretrained weight matrix W0 ∈ Rd×k.

We define per-channel statistics:

Ac = quantile0.995(|Xc|) , Bc = max(|Wc|)
(4)

and initialize the per-channel smoothing factor as:

s
(c)
smooth =

Aλ
c

(Bc + ϵ)1−λ
, c = 1, . . . , k (5)

with λ = 0.5 and ϵ = 10−6 for numerical stability.
The 99.5th percentile is more robust to extreme
outliers than the maximum, especially with limited
calibration data. This initialization balances the dy-
namic ranges of activations and weights: channels
with large activation outliers receive larger smooth-
ing factors, which suppress the activations while
amplifying the corresponding weight column.

3.3 Learnable Activation Clipping
PE-QAT incorporates learnable activation clipping
to address the quantization-clipping trade-off. We
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Figure 2: The PE-QAT activation processing pipeline. (a) Raw activations contain extreme outliers forcing a high
quantization scale. (b) Learnable smoothing migrates outliers into the weight distribution. (c) Learnable clipping
eliminates remaining outliers, allowing for high-precision quantization bins within the clipping boundary αclip.

use per-input-channel learnable clipping thresholds
αclip ∈ Rk, initialized at the 99.5th percentile of the
activation distribution observed during calibration:

α
(c)
clip = quantile0.995(|Xc|) , c = 1, . . . , k (6)

where Xc = {X(s,t,c) : s ∈ [1, Bcal], t ∈ [1, T ]}
denotes the activations for input channel c collected
over calibration batches and tokens (as defined in
Section 3.2). This percentile-based initialization en-
sures that only 0.5% of extreme outliers are clipped
initially, preserving the majority of the activation
range. During training, α(c)

clip is constrained to be

positive via max(α
(c)
clip, ϵ) where ϵ = 10−6 for nu-

merical stability.
During forward passes, smoothed activations X ′

are symmetrically clipped per-channel. For each
token t ∈ [1, N ] and channel c ∈ [1, k]:

X
(t,c)
clipped = clip(X ′(t,c),−α

(c)
clip, α

(c)
clip) (7)

The clipped activations are then quantized using a
per-channel symmetric quantization scale:

s(c)x =
α
(c)
clip

Qmax
, c = 1, . . . , k (8)

where Qmax = 2b−1−1 = 7 for 4-bit quantization.
The clipping operation in (7) is non-differentiable,
requiring custom gradients for α(c)

clip. We decom-

pose ∂L/∂α
(c)
clip into two components inspired by

PACT (Choi et al., 2018) and LSQ (Esser et al.,
2020). The boundary gradient expands α(c)

clip when
clipped activations have large loss gradients, reduc-
ing information loss from hard clipping. Quan-
tization scale gradient adjusts the quantization
bin size s

(c)
x to minimize the reconstruction error

ϵ(t,c) = x̃(t,c) − x
(t,c)
clipped, where x̃(t,c) is the dequan-

tized activation. Complete derivations with explicit
formulas are provided in Appendix A.3. To ensure

−αclip +αclip

Boundary Grad
(Eq. 11)

Push walls out

Quant. Grad
(Eq. 13)

Pull walls in

Clipped Quantized Clipped

Equilibrium: αclip stabilizes
when forces balance

Figure 3: Dual gradient mechanism for learnable clip-
ping thresholds. The boundary gradient (Eq. 11) ex-
pands αclip to preserve outliers, while the quantization
gradient (Eq. 13) contracts it to minimize reconstruction
error. The threshold converges when these forces reach
equilibrium.

stable convergence of the learnable clipping thresh-
olds, we employ three techniques. A global gradi-
ent norm clipping at 5.0 to prevent extreme updates
from channels with occasional large outliers, 10×
learning rate multiplier for αclip relative to LoRA
parameters, allowing quantization parameters to
adapt quickly during early training when fake quan-
tization is first introduced, and a percentile-based
initialization (99.5th vs max) to avoid sensitivity to
extreme outliers in the calibration set. Empirically,
we observe that α(c)

clip converges quite early on and
remains stable thereafter, with the majority of gra-
dients flowing to the LoRA weights. This rapid
convergence is consistent with prior work on learn-
able quantization parameters (Esser et al., 2020).

3.4 Ablation Studies

We validate our specific design choices regarding
smoothing and clipping through extensive ablation
studies on Llama-2-7B, evaluated on Wikitext-2
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perplexity. Table 4 summarizes the results, with
detailed experiment setups in Appendix A.2. No-
tably, we find that a 99.5th percentile based ini-
tialization for the smoothing factors outperforms
the max-based initialization from SmoothQuant by
0.62 PPL, due to reduced sensitivity to extreme
outliers over a limited calibration set.

4 Results

We evaluate PE-QAT on Llama-2 (7B, 13B),
Llama-3-8B, and Mistral-7B-v0.3 across seven
zero-shot reasoning tasks (HellaSwag (Zellers
et al., 2019), WinoGrande (Sakaguchi et al., 2020),
PIQA (Bisk et al., 2020), BoolQ (Clark et al., 2019),
ARC (Clark et al., 2018), OpenBookQA (Mi-
haylov et al., 2018)) and WikiText-2 (Merity et al.,
2016). PE-QAT was used to quantize models to
W4A4KV16 with LoRA rank 32 (84.7M param-
eters, 1.26% of total), trained for 1500 steps on
Alpaca 52K samples (Taori et al., 2023). Com-
plete hyperparameters in Appendix A.4. As base-
lines, we compare against FP16, GPTQ (Fran-
tar et al., 2023), SpinQuant-H (Liu et al., 2024),
FlatQuant (Yuan et al., 2024), and L4Q (Jeon et al.,
2025).

Table 1: Key results on zero-shot accuracy across all
model families and benchmarks (W4A4). PE-QAT con-
sistently achieves near-FP16 performance with minimal
degradation.

Model Method PIQA Wino Hella BoolQ ARC-E ARC-C OBQA Avg.

Llama-2-7B (6.74B parameters)

FP16 78.13 69.46 76.17 79.33 75.46 45.05 44.00 66.80
SpinQuant-Ha 77.00 66.90 73.20 74.40 72.10 47.50 54.40 66.50
GPTQ 77.30 68.00 72.90 74.30 71.90 43.80 – –
FlatQuant 77.53 67.72 73.31 – 71.21 43.00 – –
L4Qb 70.80 70.20 57.20 80.40 76.90 47.10 34.80 63.62

PE-QAT 78.78 70.24 74.75 77.28 74.46 46.93 44.40 66.69

Llama-3-8B (8.03B parameters)

FP16 80.47 73.32 79.29 82.11 80.60 54.01 44.60 70.62
SpinQuant-Ha 77.50 68.50 75.90 78.90 75.00 50.90 52.90 68.51
FlatQuant 79.00 72.93 76.49 – 75.88 50.51 – –
GPTQ 78.70 70.60 76.10 78.20 75.09 48.40 – –
L4Qb 80.40 73.60 60.50 83.60 81.60 52.70 35.00 66.77

PE-QAT 79.54 71.66 75.95 82.29 79.08 51.45 43.40 69.05

Llama-2-13B (13.0B parameters)

FP16 80.36 72.45 79.70 82.60 78.75 48.89 45.20 69.71
SpinQuant-Ha 79.50 70.80 77.50 78.10 75.90 50.80 55.20 69.68
FlatQuant 79.65 70.56 77.88 – 76.94 48.38 – –
GPTQ 78.90 71.00 77.30 77.70 75.60 48.80 – –
L4Qb 80.10 71.00 60.90 82.20 79.70 51.20 35.80 65.84

PE-QAT 79.92 71.03 78.41 81.25 76.89 49.57 44.80 68.84

Mistral-7B-v0.3 (7.25B parameters)

FP16 81.83 74.27 80.64 83.67 79.97 54.35 – 75.78
SpinQuant-Ha 80.70 71.20 78.60 80.70 76.50 53.30 – 73.50

PE-QAT 81.88 74.59 79.34 84.16 78.83 52.82 – 75.27

a Requires Hadamard rotations and specialized kernels
b Weight-only quantization (W4A16), not full W4A4

Note: "–" indicates benchmark not reported. OBQA
not evaluated for Mistral-7B.

Table 2: WikiText-2 perplexity on Llama-2-7B (W4A4).
Despite higher PPL than SpinQuant-H, PE-QAT
achieves superior zero-shot reasoning (Table 1), indicat-
ing better semantic preservation.

Category Method PPL ↓ Rel. to FP16

Reference FP16 Baseline 5.47 1.00×

Low PPL SpinQuant-Ha 5.90 1.08×
PE-QAT (Ours) 7.58 1.39x

Medium PPL

ABQ-LLM 9.31 1.70×
SpinQuant 9.20 1.68×
DLQAT 9.40 1.72×
QA-LoRA 9.50 1.74×

High PPL
QLLM 11.75 2.15×
LR-Quant 12.75 2.33×
ZeroQAT 12.95 2.37×
OmniQuant 14.26 2.61×
SmoothQuant 83.12 15.19×

a Requires specialized kernels

5 Discussion and Future Work

PE-QAT achieves near-FP16 zero-shot accuracy
(66.69 vs. 66.80 on Llama-2-7B) while training
only 1.26% of parameters. We match or beat all
other baselines on zero-shot tasks across model
architectures. Through our extensive ablations,
we demonstrate that learnable clipping thresholds
(∆PPL = +3.00 when removed, Table 4) con-
tribute more to W4A4 adaptation than smooth-
ing alone (∆PPL = +0.40). We additionally show
that a 99.5th percentile initialization for smooth-
ing factors outperforms the traditional max-based
approach (Appendix A.2).

WikiText-2 perplexity of 7.58 trails SpinQuant-
H (5.90) but exceeds zero-shot accuracy, indicating
better preservation of semantic reasoning despite
elevated token-level uncertainty. KV cache remains
in FP16, limiting memory savings for long-context
inference. Per-channel activation quantization may
face limited hardware kernel support versus per-
tensor schemes; future work should validate per-
tensor variants. Deployment to production INT4
kernels with end-to-end latency measurements re-
mains future work. Integration with Hadamard ro-
tations could close the perplexity gap to SpinQuant
while maintaining parameter efficiency. Extend-
ing PE-QAT to KV cache quantization and validat-
ing per-tensor activation variants would strengthen
practical deployment viability.
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6 Related Work

6.1 Post-Training Quantization and
Activation Outliers

Post-Training Quantization (PTQ) aims to quan-
tize LLMs without extensive retraining, typically
requiring only a small calibration dataset. Early
methods like GPTQ (Frantar et al., 2023) and AWQ
(Lin et al., 2024) focused primarily on weight quan-
tization (e.g., W4A16), optimizing for reconstruc-
tion error. However, quantizing activations to 4-bit
(W4A4) is significantly more challenging due to
the presence of massive outliers in specific chan-
nels (Dettmers et al., 2022). SmoothQuant (Xiao
et al., 2023) addresses this by mathematically mi-
grating the quantization difficulty from activations
to weights using a fixed smoothing factor. While
effective for W8A8, fixed heuristics often fail to re-
cover accuracy at W4A4. OmniQuant (Shao et al.,
2024) improves upon this by optimizing the clip-
ping thresholds and smoothing factors via gradient
descent, yet it leaves the model weights frozen, lim-
iting the model’s ability to adapt to the quantization
noise. More recently, rotation-based methods like
QuaRot (Ashkboos et al., 2024) and SpinQuant
(Liu et al., 2024) apply Kronecker-based rotations
to flatten outlier distributions. Unlike these meth-
ods, PE-QAT jointly learns the smoothing factors
and model adaptations (via LoRA), allowing the
network to explicitly compensate for approxima-
tion errors during training.

6.2 Quantization-Aware Training

Quantization-Aware Training (QAT) simulates
quantization noise during the forward pass to
train the model to be robust to low-bit represen-
tation. LLM-QAT (Liu et al., 2023) successfully
applied QAT to LLMs using data-free distillation.
However, full-model QAT is computationally pro-
hibitive, requiring memory and compute resources
comparable to pre-training. This scalability bot-
tleneck has motivated the search for parameter-
efficient alternatives. Unlike Full QAT which re-
quires backpropagating through all model weights,
PE-QAT restricts gradient updates to the LoRA
adapters and quantization parameters (approx. 1%
of total parameters). This significantly reduces opti-
mizer memory overhead and reduces training time
compared to full model fine-tuning.

6.3 Parameter-Efficient Fine-Tuning for
Quantization

Parameter-Efficient Fine-Tuning (PEFT) methods
like LoRA (Hu et al., 2022) reduce training costs
by freezing the base model and training low-rank
adapters. QLoRA (Dettmers et al., 2024) popu-
larized fine-tuning 4-bit quantized base models
(NF4), but only quantizes weights. Recent works
have attempted to bridge the gap to W4A4 using
quantization-aware techniques. QA-LoRA (Xu
et al., 2023) proposes group-wise quantization com-
bined with LoRA to balance accuracy and effi-
ciency. LoftQ (Li et al., 2023) focuses on find-
ing a better initialization for the quantized back-
bone and adapters. ZeroQAT (Tan et al., 2025)
employs zeroth-order optimization to perform QAT
without backpropagating through the full model;
while effective, zeroth-order methods can suffer
from high variance in gradient estimation. L4Q
(Jeon et al., 2025) is the most similar approach,
also training lightweight LoRAs and quantizing
merged weights. However, L4Q targets W4 quanti-
zation only (A16), while PE-QAT extends to W4A4
by jointly learning smoothing factors and activa-
tion clipping to address outliers. PE-QAT utilizes
a stable, gradient-based approach with Straight-
Through Estimators (STE) (Bengio et al., 2013),
jointly learning SmoothQuant-style scaling factors,
activation clips, and LoRA adapters. This holistic
optimization allows PE-QAT to preserve near full
precision accuracy on zero-shot commonsense rea-
soning tasks and achieve a competitive WikiText-2
perplexity at W4A4.

Limitations

The current implementation keeps the KV cache
in FP16, limiting memory savings for long-context
inference. Per-channel activation quantization re-
quires specialized hardware kernels that are not
yet widely supported, and production INT4 latency
benchmarks have not been measured end-to-end.
Experiments are limited to models up to 13B pa-
rameters; scaling behavior on larger models (e.g.,
70B+) has not been validated. Additionally, evalua-
tion focuses on zero-shot commonsense reasoning
benchmarks; performance on more complex tasks
such as MMLU and GSM8K is left for future work.
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A Appendix

A.1 Complete Zero-Shot Results Across
Models

Table 3 provides the full zero-shot accuracy results
across all evaluated tasks for Llama-2-7B, Llama-
2-13B, Llama-3-8B, and Mistral-7B-v0.3.

Table 3: Complete zero-shot accuracy results across
all model families, benchmarks, and baseline methods.
Methods marked with † require Hadamard kernels; ‡

indicates weight-only quantization.

Model Method PIQA Wino Hella BoolQ ARC-E ARC-C OBQA Avg.

Llama-2-7B (6.74B parameters)

FP16 Baseline 78.13 69.46 76.17 79.33 75.46 45.05 44.00 66.80

L4Q‡ 70.80 70.20 57.20 80.40 76.90 47.10 34.80 63.62
LR-Quant 63.71 53.19 44.42 63.39 49.96 26.27 – –
QLLM 67.68 56.59 58.45 – 44.40 30.89 – –
SpinQuant-H† 77.00 66.90 73.20 74.40 72.10 47.50 54.40 66.50
SpinQuant 72.60 61.60 66.10 66.00 61.00 39.40 45.10 58.82
AbQLLM 68.55 53.82 55.29 63.12 44.11 31.31 – –
QuaRot-GPTQ† 76.77 63.77 72.16 – 69.87 40.87 – –
FlatQuant 77.53 67.72 73.31 – 71.21 43.00 – –
RoLoRA 73.10 61.30 66.80 68.70 61.20 37.80 38.20 58.16
DartQuant 76.93 67.17 73.76 – 70.96 44.62 – –
GPTQ 77.30 68.00 72.90 74.30 71.90 43.80 – –
MergeQuant 76.71 66.61 72.40 – 70.83 44.41 – –

PE-QAT (Ours) 78.78 70.24 74.75 77.28 74.46 46.93 44.40 66.69
∆ vs FP16 +0.65 +0.78 -1.42 -2.05 -1.00 +1.88 +0.40 -0.11

Llama-3-8B (8.03B parameters)

FP16 Baseline 80.47 73.32 79.29 82.11 80.60 54.01 44.60 70.62

L4Q‡ 80.40 73.60 60.50 83.60 81.60 52.70 35.00 66.77
SpinQuant-H† 77.50 68.50 75.90 78.90 75.00 50.90 52.90 68.51
SpinQuant 68.00 59.70 59.90 53.30 56.50 35.30 37.90 52.94
FlatQuant 79.00 72.93 76.49 – 75.88 50.51 – –
RoLoRA 71.10 60.20 66.70 63.20 60.30 38.20 36.80 56.64
DartQuant 79.16 70.96 75.18 – 74.45 48.21 43.40 –
GPTQ 78.70 70.60 76.10 78.20 75.09 48.40 – –
MergeQuant 77.96 69.58 74.93 – 73.70 46.38 – –
QUAD 77.48 68.43 75.20 – 73.74 46.50 – –

PE-QAT (Ours) 79.54 71.66 75.95 82.29 79.08 51.45 43.40 69.05
∆ vs FP16 -0.93 -1.66 -3.34 +0.18 -1.52 -2.56 -1.20 -1.57

Llama-2-13B (13.0B parameters)

FP16 Baseline 80.36 72.45 79.70 82.60 78.75 48.89 45.20 69.71

L4Q‡ 80.10 71.00 60.90 82.20 79.70 51.20 35.80 65.84
LR-Quant 61.70 54.85 46.32 64.19 43.06 27.56 – –
QLLM 70.46 55.41 62.80 – 48.48 34.39 – –
SpinQuant-H† 79.50 70.80 77.50 78.10 75.90 50.80 – –
SpinQuant 75.40 64.60 71.20 72.10 68.50 43.00 51.00 65.84
AbQLLM 69.04 54.38 62.70 64.74 47.01 33.53 – –
FlatQuant 79.65 70.56 77.88 – 76.94 48.38 – –
RoLoRA 77.20 66.00 73.90 74.00 73.30 43.90 38.80 63.87
DartQuant 79.27 71.11 78.04 – 75.38 47.61 44.20 –
GPTQ 78.90 71.00 77.30 77.70 75.60 48.80 – –
MergeQuant 78.62 70.01 76.47 – 74.42 47.27 – –

PE-QAT (Ours) 79.92 71.03 78.41 81.25 76.89 49.57 44.80 68.84
∆ vs FP16 -0.44 -1.42 -1.29 -1.35 -1.86 +0.68 -0.40 -0.87

Mistral-7B-v0.3 (7.25B parameters)

FP16 Baseline 81.83 74.27 80.64 83.67 79.97 54.35 – 75.78

SpinQuant-H† 80.70 71.20 78.60 80.70 76.50 53.30 – 73.50
SpinQuant 70.80 56.00 50.80 67.90 55.20 34.60 – 55.88

PE-QAT (Ours) 81.88 74.59 79.34 84.16 78.83 52.82 – 75.27
∆ vs FP16 +0.05 +0.32 -1.30 +0.49 -1.14 -1.53 – -0.51

†
Requires Hadamard rotations and specialized rotation kernels for deployment

‡
Weight-only quantization (W4A16), not full weight-activation W4A4
Note: “–” indicates benchmark not reported in the respective paper.
Italic rows show per-task degradation from FP16 baseline.

A.2 Ablation Study Details

In this section, we provide the full details of our
ablation studies. The results are summarized in
Table 4.
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Table 4: Comprehensive ablation study on PE-QAT
(Llama-2-7B, WikiText-2). Individual experiment de-
tails in Appendix A.2.

Ablation Category Configuration PPL (∆)

Baseline PE-QAT (Full) 7.58

Component Removal
w/o Learnable Clipping 10.58 (+3.00)

w/o Activation Smoothing 7.98 (+0.40)
w/o Quant. Gradient (PACT-only) 8.22 (+0.64)

w/o Smoothing + Fixed Clip 12.34 (+4.76)

Smoothing Factor Initialization
99.5th percentile (default) 7.58

Max (100th percentile) 8.20 (+0.62)
Fixed at 1.0 7.95 (+0.37)

Clipping Threshold Strategy
99.5th pct., learnable (default) 7.58

99.5th pct., fixed (non-learnable) 10.58 (+3.00)

Learning Rate Multiplier (Quant. Params)
10× (default) 7.58

1× (uniform LR) 9.89 (+2.31)
5× 8.68 (+1.10)
25× 8.05 (+0.47)

LoRA Rank
r = 32 (default) 7.58

r = 16 8.36 (+0.78)
r = 8 8.50 (+0.92)

A.2.1 Smoothing Factor Initialization
We ablate the initialization of the learnable smooth-
ing factors. In our main method, we initialize
s
(c)
smooth using the 99.5th percentile of activation

magnitudes for channel c, which reduces sensitiv-
ity to rare activation outliers present in the cal-
ibration set. This is a deviation from the orig-
inal SmoothQuant formula, so as an ablation,
we instead initialize using the max (100th per-
centile) activation magnitude as used in the original
SmoothQuant paper. Specifically, let Xc denote the
calibration activations for channel c and Wc denote
the weight values in column c of W0. We define:

Bc = max(|Wc|) , Amax
c = max(|Xc|) ,

(9)

s
(c)
smooth =

Aλ
c

(Bc + ϵ)1−λ
, c = 1, . . . , k (10)

with λ = 0.5 and ϵ = 10−6. We also tested a
simple initialization where all smoothing factors
are set to 1.0, i.e., s(c)smooth = 1.0 for all c ∈ [1, k].
As shown in Table 4, the max-based initialization
degrades perplexity to 8.20 (+0.62), while fixed
1.0 initialization yields 7.95 (+0.37). The 99.5th-
percentile initialization (7.58 PPL) is more robust
to extreme outliers and achieves the best perfor-
mance.

A.2.2 Impact of Activation Smoothing
To quantify the contribution of the learnable activa-
tion outlier smoothing, we conducted an ablation

study where we disabled the smoothing component
entirely. As shown in Table 4, the quantization er-
ror significantly increases, degrading the perplexity
to 7.98 (+0.40). This confirms that addressing acti-
vation outliers via our learned smoothing factors is
critical for maintaining performance.

A.2.3 Learning Rate Multipliers
The differentiated learning rates are critical for
convergence: quantization parameters (clips and
smoothing factors) adapt quickly during early train-
ing, while LoRA weights require more gradual up-
dates to prevent overfitting. We validated the 10×
learning rate multiplier for quantization parame-
ters by comparing against uniform 1× multipliers,
as well as 5× and 25× variants. As shown in Ta-
ble 4, uniform 1× learning rates severely degrade
performance to 9.89 PPL (+2.31), confirming that
quantization parameters require faster early adap-
tation than LoRA weights. A 5× multiplier (8.68
PPL) improves over uniform but remains subopti-
mal, while 25× (8.05 PPL) begins to destabilize
training. The 10× multiplier (7.58 PPL) provides
optimal balance.

A.2.4 Learnable vs Fixed Activation Clipping
To validate the necessity of learning the activation
clipping thresholds α

(c)
clip, we conducted an abla-

tion where we initialized the clipping thresholds
at the 99.5th percentile (as in our main method)
and then froze them. As shown in Table 4, fixed
clipping thresholds degrade perplexity from 7.58
to 10.58 (+3.00), indicating that adaptive adjust-
ment of clipping bounds is critical for minimizing
quantization error. Fixed thresholds, even when
well-initialized using calibration statistics, cannot
account for the evolving activation distributions as
LoRA adapters update during training. The learn-
able clipping mechanism allows α

(c)
clip to dynami-

cally adjust the quantization-clipping trade-off for
each channel c, expanding bounds when clipped ac-
tivations carry high loss gradients and contracting
them when quantization error dominates.

A.2.5 Activation Clip Gradient Components
To validate the contribution of our quantization er-
ror gradient term, we compare the full PE-QAT
gradient formulation ((14)) against a symmetric
PACT-style (Choi et al., 2018) boundary-only vari-
ant that omits the LSQ-inspired quantization com-
ponent. Specifically, we disable the quantization
scale gradient ((13)), retaining only the bound-
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ary gradient ((11)): As shown in Table 4, the
boundary-only configuration increases perplexity
from 7.58 to 8.22 (+0.64). This demonstrates that
the boundary gradient alone signals when to ex-
pand clipping thresholds but provides no feedback
about discretization quality within the clipping
range. For aggressive quantization with only 16
discrete levels per channel (with Qmax = 7 for 4-
bit), explicit minimization of reconstruction error
ϵ(t,c) = X̃(t,c) − X

(t,c)
clipped via gradient descent is

critical.

A.2.6 LoRA Rank Selection
We ablate the LoRA rank r to assess its impact on
WikiText-2 perplexity. While higher ranks provide
greater model capacity for compensating quanti-
zation error, they also increase trainable parame-
ters and risk overfitting. We trained PE-QAT with
r = 8, r = 16, and r = 32 while keeping all other
hyperparameters identical. As shown in Table 4,
reducing rank from 32 to 16 degrades perplexity
from 7.58 to 8.36 (+0.78), while rank 8 further de-
grades to 8.50 (+0.92). This indicates that r = 32
provides a favorable balance between parameter
efficiency and adaptation capacity for W4A4 quan-
tization. The relatively modest degradation sug-
gests that further rank reduction could be viable for
extremely resource-constrained scenarios, though
we maintain r = 32 for optimal performance.

A.3 Gradient Derivation for Learnable
Clipping Thresholds

Intuitively, the gradient must balance two objec-
tives: preserving outlier information by expanding
clipping bounds when large activations are trun-
cated, and improving discretization quality by ad-
justing quantization bin size within the clipping
range. The clipping operation is non-differentiable,
requiring a custom backward pass. We derive
gradients for the per-channel clipping thresholds
α
(c)
clip by decomposing the loss contribution into

two components, inspired by PACT (Choi et al.,
2018) and LSQ (Esser et al., 2020). Let X ′(t,c)

denote the smoothed activation (input to clipping),
X

(t,c)
clipped = clip(X ′(t,c),−α

(c)
clip, α

(c)
clip) the clipped

activation, and X̃(t,c) the fake-quantized (dequan-
tized) activation. Component 1 is the boundary
gradient. Values exceeding the clipping bounds
contribute directly to the gradient. For symmet-
ric clipping at ±α

(c)
clip for channel c, we check the

smoothed activations X ′(t,c) against the threshold

and sum over all N tokens (batch size × sequence
length):

∂L

∂α
(c)
clip

(bound)
=

N∑

t=1

[
⊮
X′(t,c)>α

(c)
clip

· ∂L

∂Y (t)

− ⊮
X′(t,c)<−α

(c)
clip

· ∂L

∂Y (t)

]

(11)

where t indexes tokens, c indexes channels, Y (t)

is the corresponding output element, and ⊮ is the
indicator function. This term encourages α(c)

clip to
expand when smoothed activations that would be
clipped have large loss gradients, reducing infor-
mation loss from hard clipping. Component 2 is
the quantization scale gradient. For smoothed acti-
vations within the clipping range |X ′(t,c)| ≤ α

(c)
clip,

no clipping occurs and we have X
(t,c)
clipped = X ′(t,c).

The quantization scale s
(c)
x = α

(c)
clip/Qmax (where

Qmax = 2b−1 − 1 = 7 for b = 4) determines
discretization granularity. The per-element recon-
struction error is computed by comparing the fake-
quantized activation to the clipped activation:

ϵ(t,c) = X̃(t,c) −X
(t,c)
clipped

= round


X

(t,c)
clipped

s
(c)
x


 · s(c)x −X

(t,c)
clipped

(12)

where round(·) denotes round-to-nearest-integer.
Following LSQ (Esser et al., 2020), we compute
the gradient with respect to the clipping threshold,
summing only over tokens where the smoothed
activation falls within the clipping range:

∂L

∂α
(c)
clip

(quant)
=

N∑

t=1

⊮|X′(t,c)|≤α
(c)
clip

· ∂L

∂Y (t)
· ϵ(t,c)

max
(
α
(c)
clip, ϵsafe

)
(13)

where ϵsafe = 0.1 prevents division by very small
clipping values during gradient computation. This
term adjusts α(c)

clip to minimize quantization error for
activations within the clipping range. Increasing
α
(c)
clip enlarges quantization bins (reducing rounding

error) but decreases resolution (increasing approxi-
mation error). For the rounding operation round(·),
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we use the standard STE (Bengio et al., 2013), pass-
ing gradients through as if round(z) = z during
backpropagation. The total gradient for channel c
combines both components:

∂L

∂α
(c)
clip

=
∂L

∂α
(c)
clip

(bound)
+

∂L

∂α
(c)
clip

(quant)
(14)

The gradient in (14) balances two competing ob-
jectives. When large smoothed activations exceed
the clipping bounds, ∂L

∂α
(c)
clip

(bound)
> 0 pushes α(c)

clip

upward to preserve signal. For activations within
the clipping range, when quantization error dom-
inates, ∂L

∂α
(c)
clip

(quant)
can be negative if finer granu-

larity (smaller α(c)
clip) reduces discretization noise.

This creates a natural equilibrium where α
(c)
clip con-

verges to a value that minimizes the combined loss
from both clipping and quantization. However, the
gradient magnitude can vary significantly across
channels and training phases. To ensure stable
convergence, we employ three regularization tech-
niques: global gradient norm clipping at 5.0 to
prevent extreme updates from channels with occa-
sional large outliers; a 10× learning rate multiplier
for αclip compared to LoRA parameters, allowing
quantization parameters to adapt quickly during
early training when fake quantization is first intro-
duced while preventing interference with slower
LoRA convergence; and initialization at the 99.5th
percentile (rather than max), providing a stable
starting point that is robust to extreme outliers in
the calibration set and reducing the risk of diver-
gence. Empirically, we observe that αclip converges
relatively early after which the bulk of the gradients
flowing to the LoRA weights. This rapid conver-
gence is consistent with prior work on learnable
quantization parameters (Esser et al., 2020).

A.4 Complete Training Hyperparameters
Table 5 provides the complete set of hyperparame-
ters used for PE-QAT training.

Table 5: Hyperparameters for PE-QAT training on
Llama-2-7B.

Component Configuration

Model & Quantization
Base Model Llama-2-7B
Weight/Activation Bits 4-bit / 4-bit (per-channel symmetric)
KV Cache 16-bit (unquantized)
Sequence Length 2048

LoRA Configuration
Rank (r) 32
Alpha (α) 64
Dropout 0.05
Target Modules q_proj, k_proj, v_proj,

o_proj, gate_proj, up_proj, down_proj

Calibration
Calibration Steps 200
Activation Clip Percentile 99.5%
Smoothing λ 0.5
Calibration Samples 128

Training
Dataset Alpaca (52K instruction-response pairs)
Training Steps 1500
Per-Device Batch Size 16
Gradient Accumulation Steps 2 (effective batch size = 32)
Base Learning Rate 1× 10−4

LR Schedule Cosine with 15% warmup, min LR = 10% peak
Learning Rate Multipliers LoRA: 1.0×, Clips: 10.0×, Smooth: 10.0×
Optimizer AdamW (β1=0.9, β2=0.95, ϵ=10−8)
Weight Decay 0.01 (LoRA only)
Gradient Clipping Max norm = 5.0
Gradient Checkpointing Enabled (non-reentrant)

System
Precision bfloat16 (TF32 enabled)
Hardware NVIDIA GH200 Chip
Random Seed 42
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