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Abstract

Quantization-Aware Training from scratch has
emerged as a promising approach for building
efficient large language models (LLMs) with
extremely low-bit weights (sub 2-bit), which
can offer substantial advantages for edge de-
ployment. However, existing methods still
fail to achieve satisfactory accuracy and scal-
ability. In this work, we identify a parame-
ter democratization effect as a key bottleneck:
the sensitivity of all parameters becomes ho-
mogenized, severely limiting expressivity. To
address this, we propose pQuant, a method
that decouples parameters by splitting linear
layers into two specialized branches: a dom-
inant 1-bit branch for efficient computation
and a compact high-precision branch dedicated
to preserving the most sensitive parameters.
Through tailored feature scaling, we explicitly
guide the model to allocate sensitive parame-
ters to the high-precision branch. Furthermore,
we extend this branch into multiple, sparsely-
activated experts, enabling efficient capacity
scaling. Extensive experiments indicate our
pQuant achieves state-of-the-art performance
in extremely low-bit quantization. Our code
is available at: https://anonymous.4open.
science/r/anonymous-2026-B94C

1 Introduction

Large Language Models (LLMs) (Touvron et al.,
2023a; Yang et al., 2024; Team et al., 2023; Achiam
et al., 2023) have achieved remarkable performance
across diverse natural language processing tasks.
However, their massive computational and memory
demands pose significant challenges for practical
deployment, especially on resource-constrained de-
vices (Dettmers et al., 2022). Quantization, which
reduces the numerical precision of model weights
and activations, has become a key technique to mit-
igate these constraints (Frantar et al., 2022; Yao
et al., 2021; Liu et al., 2023b; Yuan et al., 2023;
Zhang et al., 2025).
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Figure 1: An overview of performance (Perplexity on
WikiText2) and bit-width achieved by our pQuant and
other extremely low-bit methods on 1.3B model.

Extremely low-bit (sub 2-bit) quantization stands
out for offering the most aggressive model com-
pression, promising drastic reductions in memory
and compute footprint (Qin et al., 2022; Shang
et al., 2023; Huang et al., 2024; Ma et al., 2024a;
Xu et al., 2024). Its key hardware advantage lies
in replacing costly floating-point matrix multiplica-
tions with efficient bitwise operations during infer-
ence, presenting a promising path toward edge-
deployable LLMs (Zhu et al., 2024). Recent
advances in extremely low-bit quantization have
yielded notable empirical results. For instance,
post-training quantization (PTQ) methods such as
PTQ1.61 (Zhao et al., 2025) and BiLLM (Huang
etal., 2024) achieve 68.5% and 61.2%, respectively,
of FP16 baseline accuracy on downstream tasks.
Quantization-aware fine-tuning further improves
performance, with state-of-the-art approaches re-
covering up to 79.3% of FP16 accuracy (Xu et al.,
2024).

Despite their strong efficiency benefits, ex-
tremely low-bit LLMs face limited practical adop-
tion due to the accuracy degradation, less than 80%
of FP16 capability. This challenge has spurred in-
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terest in Quantization-Aware Training from scratch
(QAT-Scratch), which trains low-bit models di-
rectly from random initialization without compress-
ing pre-trained weights (Wang et al., 2023; Ma
et al., 2024a, 2025). QAT-Scratch shows strong
promise: BitNet achieves 90.1% FP16 parity on
downstream tasks (Wang et al., 2023), and Bit-
Net1.58 enables near-lossless 2-bit quantization
with a 3B model (Ma et al., 2024b). Neverthe-
less, our experiments reveal two critical issues that
persist in current 1-bit QAT-Scratch models. As
Figure 1 shows: (i) even the state-of-the-art 1-bit
method BitNet still exhibit a non-negligible accu-
racy gap; and (ii) scaling efficiency is poor: as
model size increases, performance gains grow sub-
linearly and fall far behind those of FP16 models.
This limits the practicality of extremely low-bit
LMs in large-scale applications.

What underlies this performance and scaling
bottleneck? It is well-established in quantization
theory that parameters possess varying sensitiv-
ity, with a small subset of "sensitive" parame-
ters disproportionately influencing model output
(Dettmers et al., 2022, 2023; Lee et al., 2024; Li
et al., 2025a). Surprisingly, we find that existing 1-
bit QAT-Scratch models lose this structure: weight
sensitivity becomes nearly uniform. We term this
phenomenon parameter democratization, defined
as the unintended homogenization of parameter
sensitivity under extreme quantization. This obser-
vation motivates our central hypothesis: parameter
democratization may be a key factor limiting the
expressivity and scalability of 1-bit LMs.

To address and empirically validate our hypoth-
esis on parameter democratization, we propose
pQuant, a novel extremely low-bit QAT-Scratch
method founded on the principle of decoupled and
guided parameter sensitivity. The core of pQuant is
a decoupled linear layer that structurally enforces
parameter specialization: a 1-bit main branch en-
sures foundational efficiency, while a compact high-
precision branch is dedicated to preserving sensi-
tive parameters. Critically, importance assignment
is not predetermined. Instead, feature scaling guide
the model to dynamically allocate its most influ-
ential representations to the high-precision path-
way. Build upon this, we further evolve the high-
precision branch into a sparsely activated expert
module, where a lightweight router selects one ex-
pert per token. This design enables substantial
capacity growth with near-constant inference cost.
Experiments show that pQuant reduces perplex-

ity by 32.0% over state-of-the-art 1-bit baselines,
and the high-precision branch effectively preserves
the most sensitive parameters. When scaled, it
surpasses 2-bit models in accuracy while improv-
ing inference throughput by 18.2%. Notably, it
matches the performance of FP16 models while
delivering over 2x higher throughput.

2 Preliminary

2.1 Quantization Aware Training

Quantization-Aware Training improves model ro-
bustness to quantization by simulating low-bit op-
erations during training. Standard QAT fine-tunes
a pre-trained full-precision model, using FP16
shadow weights to compute gradients while quan-
tizing weights and activations in the forward pass
(Shen et al., 2021). Recent advances enhance this
paradigm: LLM-QAT (Liu et al., 2023b) em-
ploys data-free distillation; BitDistiller (Du et al.,
2024) introduces asymmetric clipping; Efficien-
tQAT (Chen et al., 2024) reduces cost via staged
optimization; GETA (Qu et al., 2025) jointly opti-
mizes pruning and quantization. Technical details
of QAT are provided in Appendix J.2. While these
methods achieve strong results at 4-8 bit, they face
fundamental challenges when pushed to sub-2-bit
regimes, often struggling to recover accuracy due
to the difficulty of compressing pre-trained high-
precision representations.

2.2 Extremely Low-Bit Quantization

Extremely low-bit (sub 2-bit) quantization aims
for the most hardware-efficient LLMs but suffers
from severe accuracy degradation. Early binariza-
tion methods like BNN (Hubara et al., 2016) and
XNOR-Net (Rastegari et al., 2016) (which in-
troduced scaling factors) do not scale to modern
LLMs. Recent work has adapted quantization for
LLMs: PB-LLM (Shang et al., 2023) identifies
salient weights, BILLM (Huang et al., 2024) pro-
poses a two-stage binarization framework, OneBit
(Xu et al., 2024) uses SVID decomposition, and Bi-
naryMoS (Jo et al., 2024) employs token-adaptive
scales. PTQ1.61 (Zhao et al., 2025) introduces
a one-dimensional structured mask to reduce the
upper bound of quantization errors,

A promising direction is Quantization-Aware
Training from scratch (QAT-Scratch), which trains
low-bit models from random initialization. BitNet
(Wang et al., 2023) pioneered this paradigm for
1-bit LLMs, showing significantly better perfor-



mance than PTQ or fine-tuning-based QAT. Bit-
Netl1.58 (Ma et al., 2025) extended this success
to 2-bit, achieving near-lossless accuracy. Other
works like FBI-LLM (Ma et al., 2024a) (using pro-
gressive distillation) and iFairy (Wang et al., 2025)
(using complex-valued representations) further ex-
plore this training paradigm. However, as identi-
fied in our work, existing QAT-Scratch methods
still face a fundamental bottleneck in expressivity
and scalability, which we attribute to the parameter
democratization effect.

2.3 Sensitivity Analysis

Not all parameters in a neural network contribute
equally to its output. Intuitively, a weight is con-
sidered sensitive to quantization if it incurs a large
rounding error (i.e., it lies far from a quantization
grid point) and/or if it frequently multiplies large
input activations, thereby amplifying even small er-
rors (Dettmers et al., 2023; Lee et al., 2024; Shang
etal., 2023; Li et al., 2025b).

Inspired by SPQR (Dettmers et al., 2023), we
adopt a perturbation-based metric to analyze such
sensitivity under extreme low-bit settings. For a
weight w;; in matrix W and given calibration in-
puts X, we define its sensitivity as the minimum
increase in squared output distortion:

sij = min [WX - WX|3, (1)

where W satisfies w;; = quant(w;;), and all other
entries of W' are free to adjust for optimal error
compensation. Crucially, this problem admits a
closed-form solution under the generalized Optimal
Brain Surgeon framework (Frantar and Alistarh,
2022):

w2

5 = oxxT) T @
where (X X 7)™ is the inverse Hessian matrix cor-
responding to the optimization problem. This term
quantifies how "replaceable" the weight is given
the correlation structure of the inputs. Thus, sen-
sitivity s;; captures a joint effect: a large round-
ing error w?j may still yield low sensitivity if the
weight lies in a direction where the input allows
easy compensation. This saliency measure can be
approximated efficiently by quantization solvers,
such as GPTQ(Frantar et al., 2022).

To analyze the sensitivity landscape under ex-
treme quantization, we set quant(w;;) = 0 to
perturb and compute per-layer sensitivity using a
small calibration set X . As shown in Figure 2, this
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Figure 2: Weight log-sensitivities in the final FFN layer
of LLaMA3-3B and BitNet-3B. Matrices are downsam-
pled via max pooling for visualization; darker blue indi-
cates higher sensitivity. Red boxes highlight regions of
peak sensitivity. Notably, in the 1-bit weights of BitNet-
3B, no pronounced sensitivity variation is observed.

reveals a stark contrast: in the 16-bit LLaMA-3
model, a small subset of parameters exhibits sig-
nificantly higher sensitivity, indicating their dis-
proportionately large influence on the output. In
contrast, the 1-bit BitNet model shows a flattened,
near-uniform distribution, suggesting that all pa-
rameters are treated with comparable importance.
We refer to this observed collapse of sensitivity
differentiation as parameter democratization. This
homogenization may prevent the model from ef-
fectively prioritizing the most informative features.
We therefore hypothesize that recovering a differen-
tiated sensitivity structure, one in which critically
important parameters are distinctly identified and
preserved, could be key to improving both the ac-
curacy and scalability of extremely low-bit LLMs.

3 Methodology

We propose pQuant, a method designed to coun-
teract parameter democratization by structurally
decoupling parameters, isolating a small set of sen-
sitive weights into a higher-precision branch within
an efficient 1-bit backbone. As illustrated in Fig-
ure 3, pQuant replaces standard linear layers in
both multi-head attention (MHA) and feed-forward
network (FFN) modules with quantization-native
layers and uses feature scaling to explicitly guide
importance-aware learning.

Within the MHA module, pQuant substitutes
the query, key, value, and output projections with
a pure 1-bit linear layer (Figure 3(b)). For the
FFN, we design a decoupled linear layer: most pa-
rameters are quantized to 1-bit for efficiency (Fig-
ure 3(c)), while a small subset is kept in 8-bit to
preserve highly sensitive weights (Figure 3(d)).

This decoupled design can be naturally viewed
through the lens of a Mixture of Experts (MoE):
the 1-bit branch acts as a shared expert common
to all inputs, ensuring efficiency, while the 8-bit
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Figure 3: Computational flow of pQuant’s core modules. (a) pQuant replaces all linear layers with quantized
counterparts, with 8-bit branch to enable dynamic scaling when needed. (b-d) Computation in three representative
pQuant modules. FP16 weights are retained solely during training to ensure numerical stability and discarded
post-training. Here, r denotes the dimension of weights in 8-bit branch, where r < Dpyodel-

branch functions as a specialized, routable expert.
A lightweight, fixed top-1 router dynamically acti-
vates routable expert based on the input token.

3.1 Multi-Head Attention in pQuant

In the MHA, each linear layer utilizes 1-bit weights
represented with INT1. To maximize inference ef-
ficiency, we apply this aggressive, undifferentiated
quantization specifically to MHA, while reserving
our decoupled architecture for the FFEN. This tar-
geted design is supported by two key observations
from prior work. First, FFN layers are known to
concentrate a larger fraction of sensitive parameters
that are critical to model performance (Dettmers
et al., 2023). Second, activation distributions in
FFNs tend to be less regular and exhibit more out-
liers compared to the relatively structured activa-
tions in attention layers (Shazeer, 2020).

During pretraining, weights and activations are
dynamically quantized to low precision, while gra-
dients and optimizer states are maintained in FP32
to preserve training stability and accuracy. Specif-

ically, FP16 weights are used in the training pass
to ensure meaningful gradient updates. Using 1-
bit weights during optimization would result in
near-zero gradients for most parameters, making it
difficult for the model to learn effective parameter
updates and reduce the loss. These weights are
discarded during inference, leaving only the 1-bit
parameters in the model.

These FP16 weights are quantized to 1-bit be-
fore performing the tensor multiplication between
weights and activations. After the multiplication,
a dequantization process is applied to the output.
This process can be formally described as follows:

W[NT] — Sign(WFloat _ ,U) (3)
+1, ifW;; >0
Sign(Wi;) = ’ v 4
gn(Ws) ~1, ifW; <0 @
Y =X WV Layer Norm(X) (5)
n= > Wi A= a2y > Wil (©)

i=1j=1 i=1j=1



Here, WINT1 ¢ R™*" denotes the 1-bit quan-
tized weight matrix, and T/1°4 the FP16 reference.
X and Y are the input and output of the linear layer,
respectively. To reduce the £5 quantization error, a
dequantization scale ) is applied. Following Liu
et al. (2022), we center the weights to zero mean
using p prior to binarization, which enhances the
information capacity of binary weights. Addition-
ally, pQuant quantizes all activations to INT8 using
AbsMax scaling, as detailed in Appendix A.

3.2 Feed-Forward Network in pQuant

To preserve highly sensitive parameters with higher
precision, a straightforward approach is to desig-
nate a subset of dimensions in the linear layer to
be represented in high precision while keeping the
rest in 1-bit. However, this naive strategy faces
two inherent limitations in the QAT-Scratch set-
ting. First, since parameters are randomly initial-
ized and trained from scratch, there exists no con-
sistent spatial pattern in the weight matrix that
reliably indicates where sensitive parameters re-
side (Yu et al., 2024). Predefining fixed positions
for high-precision weights thus diminishes the po-
tential benefit. Second, the non-uniform distri-
bution of input activation magnitudes can dilute
the advantage of retaining higher precision in arbi-
trary dimensions, often rendering the improvement
marginal—similar to random selection. These is-
sues highlight the need for a more adaptive and
learnable strategy for high-precision allocation.

Accordingly, we introduce the decoupled lin-
ear layer, which structurally splits the original
weight matrix in the FFN into two parallel com-
putational branches: a 1-bit branch and a high-
precision branch. This design allows the high-
precision branch to operate independently, effec-
tively avoiding the dynamic range collapse issue
inherent in per-tensor 1-bit quantization and Ab-
sMean scaling. Both branches process the same
input activations and their outputs are then summed
to form the final result.

In pQuant, we adopt 8-bit precision for the
high-precision branch, motivated by extensive evi-
dence that 8-bit representations preserve essential
parameter information while maintaining compu-
tational efficiency (Liu et al., 2024a; Peng et al.,
2023; Van Baalen et al., 2023; Mishra et al., 2025).
Among 8-bit formats, we specifically choose INT8
over FP8 or MXFP8 due to its superior hardware
support and deployment compatibility on main-
stream CPU/GPU platforms—practical advantages

critical in extreme low-bit regimes.

A naive summation of the two branches’ out-
puts would conflate their distinct sensitivity pro-
files, hindering the model’s ability to learn their
relative importance. Inspired by RSLoRA and
MS-LoRA (Kalajdzievski, 2023; Luo et al., 2025),
which demonstrate that scaling informative compo-
nents enhances representational capacity allocation.
We introduce feature scaling, where the outputs of
the two FFN branches are modulated by learnable
scalars « and . To prioritize the high-precision
signal during optimization, we initialize o > (8
(e.g., a« = 2.0, B = 0.2), ensuring the 8-bit branch
receives stronger gradient feedback during back-
propagation. The FFN computation is then:

Y =a FFNﬁY]TS(LayeTNorm(X))
+ B FEN{N™ (LayerNorm(X)), (7)

where 7 is a hyperparameter controlling the frac-
tion of high-precision weights retained to preserve
sensitivity-critical parameters, with r € [0, D)
and Dgp, denoting the FEN hidden dimension. The
1-bit weights follow the same quantization scheme
as in the MHA’s 1-bit linear layers (§3.1), while
the 8-bit weights are quantized identically to 8-bit
activations (Appendix A).

3.3 Efficient Scaling of pQuant

We expands the high-precision branches into mul-
tiple parallel branches and employs a lightweight
router to dynamically activate the most suitable
path based on the input features. This structure
serves as an optional mechanism for performance
enhancement. Specifically, pQuant extend the num-
ber of 8-bit branch to NV, incorporating a gating to
select the most appropriate weights for input ac-
tivations, as shown in Figure 3(a). The resulting
FFN architecture bears a resemblance to Mixture-
of-Experts (e.g., DeepSeekMoE (Dai et al., 2024)
and OpenMoE (Xue et al., 2024)). However, the
two designs are fundamentally different due to the
discrepancy in precision and dimension.

The router in pQuant is implemented as a simple
linear layer and trained end-to-end along with the
rest of the model. pQuant adopt the top-1 strategy
for selecting the 8-bit branch, ensuring that the total
number of parameters active in the FFN matches
that of a conventional FFN. The gating function
employs a softmax activation (Shazeer et al., 2017).
The N acts as a hyperparameter, with detailed anal-
ysis presented in (§4.3).



Parameter Dyjodel Drr r 1-bit 8-bit
300M 1024 2272(2400-128) 128 96% 4%
700M 1536  3840(4096-256) 256 96% 4%

1.3B 2048  5076(5400-384) 384 95% 5%
2.6B 2880  7168(7680-512) 512 95% 5%

Table 1: Configurations for model trained by pQuant.
Dygr denote the hidden dimension of the feed-forward
network; r denotes the dimension of the 8-bit branch;
1-bit and 8-bit denote the percentage of total parameters
represented by 1-bit and 8-bit respectively.

4 Experiments

In this section, we conduct extensive experiments
to validate our method pQuant. We further evalu-
ate the inference efficiency. Finally, we show the
ablation studies of pQuant.

pQuant is trained end-to-end via QAT-Scratch,
adopting a two-stage schedule to ensure stable
and robust convergence (Ma et al., 2024b). Gradi-
ents for quantized weights during training are ap-
proximated using the Straight-Through Estimator
(STE) (Bengio et al., 2013) during backpropagation.
Training details are provided in Appendix C. We
also optimize the inference efficiency of pQuant,
as detailed in Appendix B.

4.1 Experimental setup

In our experimental, we train pQuant at four scales
detailed in Table 1. For a comprehensive compari-
son, we also train from scratch three representative
baselines under identical configurations: BitNet
(1-bit model) (Wang et al., 2023), BitNet1.58 (2-
bit model) (Ma et al., 2024b), and LLaMA-3 (16-
bit model) (Touvron et al., 2023b). Additionally,
we compare pQuant against post-training quanti-
zation (PTQ) methods, including PTQ1.61 (Zhao
et al., 2025) and OmniQuant (Shao et al., 2023), as
well as fine-tuning-based QAT approaches such
as OneBit (Xu et al., 2024). Our models are
trained on three datasets: C4 (Raffel et al., 2020),
Wikipedia (Foundation, 2020) and ArXiv (Cohan
et al., 2018). We configured the batch size to 4
million tokens for LIaMA-2 and 1 million tokens
for the other models.

We evaluate the models based on their zero-
shot performance in some downstream tasks, in-
cluding ARC-Easy (ARC-E) (Yadav et al., 2019),
ARC-Challenge (ARC-C) (Yadav et al., 2019),
BoolQ(BQ) (Clark et al., 2019), PIQA(PQ) (Bisk
et al., 2020), Winogrande(WGe) (Sakaguchi et al.,
2021), OpenbookQA(OQ) (Mihaylov et al., 2018),

and Hellaswag(HS) (Zellers et al., 2019). More
details about experimental setup is shown in Ap-
pendix D.

4.2 Performance of pQuant

The main evaluation results are summarized in Ta-
ble 2. Compared to the BitNet (1-bit), pQuant
(1.35-bit) achieves consistent gains across all met-
rics. Notably, the 700M-parameter pQuant outper-
forms the larger 1.3B BitNet on both downstream
accuracy and perplexity, suggesting that preserv-
ing sensitive weights in a high-precision branch
improves parameter efficiency.

At the matched 1.3B scale, pQuant narrows the
gap to the BitNet1.58 (2-bit) to just 0.4 average
accuracy points, despite using 0.65 fewer bits per
weight. pQuant surpasses two strong baselines of
the same scale: OmniQuant (2-bit) and OneBit (1-
bit), both derived from OPT-1.3B pretrained on
180B tokens (80% more than our datasets).

Most strikingly, when scaled to 2.6B parameters,
pQuant achieves an average accuracy of 47.1, sur-
passing the 1.3B LLaMA-2 (FP16) on all evaluated
tasks—and substantially outperforming PTQ1.61,
the current SOTA extremely low-bit PTQ method,
even when applied to the much larger LLaMA-
2-7B. The lower PPL is attributed to PTQ1.61’s
model being trained on significantly more data, far
exceeding our 100B tokens. This demonstrates
that pQuant not only maintains performance under
extreme quantization but also scales effectively.

4.3 Scalability of pQuant

We scale pQuant by increasing the number of high-
precision expert branches N from 1 to 8, while
maintaining the same number of active parameters
per forward pass as a standard FFN. As shown in
Figure 4, at N = 8, pQuant consistently outper-
forms BitNet1.58 in training loss across all model
sizes. More importantly, the performance gap be-
tween pQuant and the FP16 LLaMA-2 baseline nar-
rows as model size increases: at 1.3B parameters,
pQuant nearly matches LLaMA-2’s loss, whereas
1-bit BitNet and 2-bit BitNetl1.58 exhibit a per-
sistent gap. This contrast highlights a key find-
ing: scaling via pure 1-bit parameters is inherently
inefficient under extreme quantization. In con-
trast, pQuant’s strategy of scaling high-precision
branches enables it to follow a scaling law much
closer to that of full-precision models, further ev-
idencing its effective scalability. Downstream ac-
curacy and perplexity results are reported in Ta-



Parameters Method Bit ARC-E1T ARC-Ct HST BQT 0QT PQT WGetT Avg.T Perplexity|
FP16 16 448 193 348 607 186 668 513 423 22.9
300M BitNet I 382 162 329 535 142 581 488 376 342
pQuant 128 415 197 330 600 162 625 509 405 30.1
FP16 16 514 214 373 589 190 685 524 441 16.5
700M BitNet 1 44.4 187 354 565 149 629 500 404 27.6
pQuant 128  47.0 201 362 572 174 671 516 424 21.9
FP16 16 539 2.1 387 557 218 710 543 454 144
BitNet 1 478 192 363 586 176 676 520 426 218
13B BitNetl.58 2 50.4 212 369 612 194 687 530 444 16.9
OmniQuant 2 38.8 234 334 565 153 609 519 400 42.43
OneBit 1.1 413 241 343 595 163 626 511 413 25.4
pQuant 135 498 208 370 602 201 683 525 440 172
2.6B pQuant 135 546 29 405 616 220 719 564  47.1 13.0
7B PTQI.61 161 472 23 358 565 153 632 523 418 12.7

Table 2: Main experimental results. We report perplexity and zero-shot accuracy of BitNet (1-bit), BitNet1.58
(2-bit), FP16 LLaMA-2 (16-bit), and pQuant on downstream tasks. Perplexity is evaluated on WikiText-2. Results
show that pQuant significantly improves the performance of 1-bit models.
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Figure 4: Final training loss with varying numbers of
parameters. pQuant with N=8 demonstrates excellent
scalability, whereas 1-bit BitNet do not.

ble 5. The overhead introduced by adding more
8-bit branches remains minimal; a detailed analysis
is provided in Appendix E.

4.4 Sensitivity Distribution of pQuant

To validate that pQuant effectively mitigates pa-
rameter democratization, we analyze the weight
sensitivity distribution in the final FEN layer of
pQuant-1.3B after training, as shown in Figure 5(a).
Compared to the uniform sensitivity distribution
observed in BitNet-3B, pQuant exhibits a markedly
differentiated sensitivity profile, with distinct re-
gions of high and low sensitivity. This contrast
confirms that pQuant’s decoupled architecture and
feature scaling successfully guide the model to
allocate sensitivity-critical parameters effectively,

thereby enhancing expressivity and performance.

4.5 Inference Efficiency of pQuant

We evaluate the end-to-end inference throughput
of LLaMA-2, BitNet1.58, and pQuant on an Apple
M2 platform with a 7B model. pQuant attains a
throughput of 133.1 tokens/s, which is 2.0x that
of LLaMA-2 (65.3 tokens/s) and outperforms Bit-
Net1.58 (112.6 tokens/s) by 18.2%. Computation
and memory efficiency of pQuant are detailed in
Appendix B.

4.6 Ablation Study

Feature Scaling. As show in Figure 5 (b), we
initialize the learnable factory as ¢ = 1.0 and
B = 0.5. Post-training analysis reveals distinct
converged values (mean o ~ 2.0, § =~ 0.2); re-
initializing to these values improves performance.
Crucially, models trained under different scaling
configurations do not converge to similar final
losses, indicating that feature scaling exerts a persis-
tent structural influence, rather than merely shaping
early optimization dynamics. Ablating feature scal-
ing leads to a significant increase in training loss,
confirming its necessity for effective allocation of
sensitivity-critical parameters. Further analysis is
provided in Appendix G.

High-precision Branch. For hardware efficiency,
we restrict the 8-bit branch dimension 7 to integer
multiples of 128. First, under a single-branch set-
ting, increasing r from 256 to 768 (at 700M scale)
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Figure 5: (a) Sensitivity analysis of the 1-bit and 8-bit branches in the down-projection layer of the final FFN block
in the 700M pQuant model. (b) Ablation study of pQuant on 700M-parameter model, assessing the impact of
feature scaling and the number of active 8-bit branches on final loss. The mid-training loss drop stems from the

two-phase learning rate schedule (see AppendixC.2).

Model Total Activated PPL | Memory
pQuant(N = 4) 1.5B 1.3B 155 091G
BitNet1.58 1.3B 1.3B 16.9 0.72G
pQuant(N =8) 1.3B 926M 16.8 0.98G
LlaMA-2 1.3B 1.3B 14.4 2.64G

Table 3: Performance comparison under Matched Pa-
rameter. Memory footprint include the storage of Em-
beddings and LayerNorm.

improves performance, but the gains do not com-
pensate for the added memory and computation
overhead. Second, we evaluate a multi-branch strat-
egy that activates two branches of size r = 768 per
token, which yields negligible improvement.

In our experiments, pQuant with N = 4 achieves
performance better than BitNet1.58. To rigorously
evaluate the architectural efficiency of pQuant, we
conduct a controlled comparison under matched
parameter budgets. Specifically, we reduce the hid-
den state dimension of pQuant to match the total
of 1.3B parameters in BitNet1.58. We configure
pQuant with N = 8 and 926M activated param-
eters, using only one active branch. Under these
settings, pQuant runs 1.6 faster than BitNet1.58
duirng inference. The results are shown in Table 3.
When evaluated on the same test set as our main
experiments, both models achieve comparable per-
formance. This parity in results, achieved despite
pQuant’s reduced hidden dimension, provides com-
pelling evidence for pQuant’s superior parameter
efficiency and architectural advantages in low-bit
quantization scenarios.

Additional ablation studies, such as the effect
of varying the 8-bit branch size, ablating the 8-bit
branch entirely, and learning rate, are provided in
Appendix F.

4.7 Limitations

Although QAT-Scratch methods, including pQuant,
gain significant advantages in model performance,
they generally incur higher training costs compared
to traditional QAT and PTQ. The training duration
across different models is presented in Appendix I.

While pQuant can achieve better inference speed
and model performance than 2-bits BitNetl.58
when N > 4, this configuration introduces higher
physical memory requirements, as shown in subsec-
tion E.1. The speed improvement stems primarily
from reduced memory access volume. Our design
aligns with current trends in edge-device hardware
development, where memory capacity is more cost-
effective than bandwidth. This memory overhead
represents a meaningful trade-off that merits fur-
ther investigation.

Due to the training cost, our experiments are
limited to models size. Future work could explore
scaling pQuant to larger models (e.g., 70B) to fur-
ther validate its effectiveness.

5 Conclusion

We propose pQuant, a quantization-aware training-
from-scratch method for extremely low-bit LLMs.
Motivated by the observation that existing 1-bit
models suffer from parameter democratization, i.e.,
the homogenization of weight sensitivity that limits
expressivity and scaling, we design a decoupled lin-
ear layer that preserves sensitive weights in a small
high-precision branch. Coupled with feature scal-
ing to prioritize gradient flow toward informative
components, this approach enables effective alloca-
tion of model capacity under extreme quantization.
Experiments show that pQuant not only surpasses
prior extremely low-bit methods at matched scales
but also scales effectively.
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A Activation Quantization

pQuant employ the AbsMax method (Dettmers
et al., 2024) to quantization all activations and high-
precision branch in FFN along the token dimension
to the range [—27,27], and represent them in INT8
format:

Q(X) = RoundClip(X x~, —2"+€,27+¢€) (8)

RoundClip(X,a,b)

= max(a, min(b, Round(X)), (9)
27

= 10

max(|x1|, |z2|, ..., |zn]) (10)

where Round(-) function rounds each value to the
nearest integer. The parameter € is a small floating-
point value that prevents overflow during clipping.
Additionally, v is the scaling factory for activations,
which will be incorporated with X to de-quantize
the output as follows:

A
Y = 5 x WINTLQ(LayerNorm(X)) (11)

B Inference

Although pQuant introduces additional operations
such as quantizaiton, de-quantizaiton, rescale and
layernorm during training that slightly increase
training overhead, these costs are entirely elimi-
nated during inference, leading to highly efficient
deployment. First, the parameters in 1-bit branch
are offline quantized and stored in 1-bit precision
during inference, matching the effect of PTQ meth-
ods. They are packed into UINTS8 format with 8
parameter per byte, resulting in a storage footprint
that is 1/16 of that required by FP16 models. This
also reduces memory bandwidth when GPU cores
load weight matrices from global memory. Sec-
ond, the scaling factors used during training can be
fused into preceding or succeeding layers during
inference. For example, per-tensor scaling factors
can be integrated into the input normalization of the
subsequent module. Similarly, the RMSNorm op-
eration can be merged with activation quantization,
as both are element-wise transformations. These
optimizations eliminate the need for half-precision
in GEMM (General Matrix Multiplications) op-
erations, allowing us to employ mixed-precision
operators that support W1A8 GEMM computations
within linear (Wang et al., 2024b). Third, in the
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first GEMM of the FFN layer during inference,
the same input must be multiplied with both the
8-bit and 1-bit branches of the up projection. To
improve efficiency, this computation can be dis-
tributed across multiple thread groups, enabling
parallel execution without redundant data reads.

In pQuant, the acceleration method is built atop
T-MAC (Wei et al., 2024), a CPU-based infer-
ence library that natively supports mixed-precision
matrix multiplication without dequantization. 1-
bit quantization is particularly valuable in edge-
device deployment, where the batch size is typi-
cally one and the most time-consuming operation
becomes GEMV (General Matrix-Vector Multipli-
cation) rather than GEMM. A promising approach
to implement bitwise computation is through table
lookups (Park et al., 2024). Since each 1-bit weight
can only take two values, the number of possible bit
patterns in a small group is limited. For instance,
if a 1-bit matrix is partitioned into groups of four
elements, there are only 2% possible combinations
per group (e.g., [1,1,1,-1], [1,1,-1,-1]). Given an
activation vector, the results of its multiplication
with all possible bit patterns can be precomputed
and stored in a lookup table. The mixed-precision
GEMM between activation and 1-bit weights is
then transformed into a series of table lookups in-
dexed by the bit patterns in the weight, followed by
summation of the retrieved results. This reduces
GEMM to table lookup and addition operations,
eliminating multiplications entirely.

We evaluate the end-to-end inference through-
put of LLaMA-2, BitNet1.58, and pQuant on an
Apple M2 platform with a 7B model. pQuant at-
tains a throughput of 133.1 tokens/s, which is 2.0x
that of LLaMA-2 (65.3 tokens/s) and outperforms
BitNet1.58 (112.6 tokens/s) by 18.2%. Although
both compute and memory bandwidth improve-
ments exceed 5.6 %, the end-to-end speedup is only
slightly above 2.0, primarily due to model size:
in workloads dominated by frequent vector and
small matrix multiplications, scheduling overhead
constitutes a significant fraction of execution time,
whereas larger models can achieve 5.1 x higher
throughput (Wang et al., 2024a).

B.1 Computation Efficiency

The use of 1-bit weights eliminates a signifi-
cant amount of matrix multiplication operations,
thereby substantially reducing computational com-
plexity (Zhu et al., 2024). To further evaluate
its practical efficiency, we conducted comprehen-



sive benchmarking of overhead during inference.
Figure 6 presents the time costs for linear oper-
ation across different models. Compared to Bit-
Net1.58 and LIaMA-2, pQuant demonstrates a 82%
improvement in computational performance over
LlaMA-2 and is notably more efficient than Bit-
Net1.58, reducing computation time by 38%.

Multi-Head Attention Project B Feed-Forward Network

Multi-Head Attention Mask B Extra
SN
BitNet 1
BitNet1.58 1
pQuant | 14 13

60 100 150

Time (ms)
Figure 6: Computation time across components in a
Transformer block, measured on an Apple M2 with a
7B model and input sequence length of 256. pQuant is

38% faster than BitNet1.58 and 82% faster than FP16
LLaMA-2.

B.2 Memory Efficiency
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Figure 7: The memory footprint. Memory footprint of
model weights transferred during a single forward pass
in inference. pQuant is smaller than BitNet1.58 and
significantly lower than LLaMA-2.

In addition to computation, the process of trans-
ferring model parameters from DRAM to the mem-
ory of an on-chip accelerator (e.g., SRAM) can
be expensive during inference (Yuan et al., 2024).
Compared to half-precision models, 1-bit models
also suggests the opportunity to improve the serv-
ing latency. Thus, we outline the required mem-
ory for various model sizes in Figure 7. pQuant
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maintains a consistent memory footprint during
decoding regardless of the value of IV, as it acti-
vates only a single 8-bit branch at any given time.
This design avoids excessive memory accesses and
better leverages the characteristics of modern hard-
ware, where bandwidth is often the primary bottle-
neck rather than memory capacity. Compared to
LlaMA-2, pQuant reduces memory usage by 92%,
and requires 31% less memory than BitNetl.58.
In pQuant, numerous individual scalars are intro-
duced: alpha, beta, gamma, mu, and lambda.
These scalars can be merged during inference, en-
suring that memory efficiency is not impacted.

C Training Mechanism

We introduce RMSNorm to compress the dynamic
range of activations. This helps maintain basic per-
formance under absmean-based quantization and
has been shown to accelerate convergence in 1-
bit quantized models (Ma et al., 2024b; Team,
2025). This provides a smoother optimization land-
scape for gradient descent and improves conver-
gence (Liu et al., 2023a). The data is preprocessed
using the BPE tokenizer with a vocabulary size of
32K. We select 500 steps for warm-up.

C.1 Straight-Through Estimator

Since the function sign(-) is non-differentiable at
zero, it causes the gradient chain to break during
backpropagation, preventing optimization of the
model parameters. Therefore, we use the Straight-
Through Estimator (STE) method during back prop-
agation. In traditional backpropagation, gradients
flow through differentiable functions allowing for
the optimization of weights via gradient descent.
However, when operations are not continuous or
involve discrete decisions, calculating these gradi-
ents becomes problematic. The STE provides a
way around this by passing the gradient straight
through the operation during the backward pass
while using the quantized values in the forward
pass (Li et al., 2024). In essence, STE approxi-
mates the gradient of a non-differentiable function
as 1, allowing the network to learn despite the pres-
ence of non-differentiable operations.

C.2 Two-Phase Training Schedule

Besides, pQuant employ a two-phase training
schedule (Shuming et al., 2024). In the first
phase, the learning rate begins at a high value and
decreases linearly until the midpoint of training.
The second phase starts with a lower learning rate,
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Figure 8: Two-Stage Scheduler. During mid-training,
both the learning rate (LR) and weight decay (WD) are
decayed to accelerate convergence of 1-bit parameters
and prevent sign flips caused by excessive weight oscil-
lation around quantization thresholds.

which also decays linearly. Besides, weight decay
is set to 0.1 during the first phase and disable in the
second phase. These strategies have been shown to
improve convergence in low bit training, as demon-
strated by BitNet1.58. This approach results in a
significant reduction in the loss curve shortly after
the midpoint. The learning rates and weight decay
for the two phases are shown in the Figure 8.

There are two primary motivations for this de-
sign. First, in contrast to FP16 models where learn-
ing rates are typically well calibrated, 1-bit opti-
mization faces a key challenge: small updates to
the latent weights often fail to produce meaning-
ful changes in the quantized 1-bit weights. This
results in biased gradient estimation and subopti-
mal update behavior, particularly during the early
training stages when rapid convergence is critical.
Second, in half-precision training, weight decay
serves as an effective regularizer by constraining
large weight magnitudes, thereby preventing over-
fitting and improving training stability. However,
in 1-bit training, weight decay is applied to the la-
tent weights rather than the actual 1-bit weights,
which alters its regularization effect and may lead
to unintended consequences.

D Experiment Details

These common sense reasoning benchmarks we
choosed in our experiments have been widely
adopted in prior work to assess quantization effec-
tiveness, in both post-training quantization (PTQ)
and quantization-aware training (QAT) methods
(Xiao et al., 2023; Lin et al., 2024; Chee et al.,
2024; Shang et al., 2023; Ashkboos et al., 2024).
We also use perplexity to quantitatively measure
the model’s generation power on WikiText-2 (Mer-
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ity et al., 2016). We followed the pipeline from
Im-evaluation-harness4 (Gao et al., 2023) to per-
form the evaluation.

The configurations for the BitNet, BitNet1.58,
and LlaMA-2 models are shown in Table 4. The
sequence length was uniformly set to 2048. To
optimize training efficiency and performance, we
employed mixed-precision training, and the Adam
optimizer is applied with 5; = 0.9 and 83 = 0.95.

Our models were trained using 16 NVIDIA
A100-80G GPUs and 1TB of CPU memory. We
utilized the DeepSpeed framework (Rasley et al.,
2020) for training.

Parameters Dyger Dpr  Heads Layers
300M 1024 2400 16 24
700M 1536 4096 24 24

1.3B 2048 5460 32 24

Table 4: Configurations for BitNet, BitNetl1.58 and
LlaMA-2. Head denotes the number of attention heads
in multi-head attention; Layers denotes the number of
Transformer blocks.

E Analysis of Scaling pQuant

The main results in Table 2 suggests that merely
increasing the parameter count is insufficient for
extracting additional information in the extremely
low-bit scenario. The expressive capacity of 1-
bit tensor is highly constrained under the absmean
quantization scheme, limiting its scalability.

The Table 5 below presents the complete perfor-
mance test results after scaling.

E.1 Overhead of Model Parameter

Although the number of activated parameters dur-
ing inference in pQuant is consistent with that of
other models, the overall parameter count increases
with varying N values. Specifically, the total pa-
rameter counts for models of different sizes, when
Nis 1, 2, 4 or 8 are shown in the Table 6. When
N=1, pQuant has the same number of parameters
as normal transformers model.

F Ablation Study

High-Precision Branch. We also evaluate the
performance of pQuant without the 8-bit branch,
training the model from scratch using QAT. As
shown in Table 7, we compare the perplexity of a
300M pQuant with 8-bit branch (N = 1) and with-
out it (N = 0), where the latter setting resembles



Models Total/Activated ARC-E1T ARC-CT HST BQT O0QT PQT WGeT Avg.l Perplexity|

LlaMA-2 (16-bit) 300M 4.8 19.3 348 60.7 186 668 513 4.3 229
BitNet1.58 (2-bit) 300M 43.8 19.7 346 575 160 649 522 412 29.7
pQuant(N=8) 366M/300M 43.5 20.1 345 602 172 646 519 41.7 27.1
LlaMA-2 (16-bit) 700M 514 214 373 589 19.0 685 524 44.1 16.5
BitNet1.58 (2-bit) 700M 48.5 20.0 359 577 178 683 51.1 42.8 21.1
pQuant(N=8) 898M/700M 48.5 20.7 36.7 586 186 685 52.6 43.5 17.9
LlaMA-2 (16-bit) 1.3B 53.9 22.1 387 557 218 710 543 454 14.4
BitNet1.58 (2-bit) 1.3B 50.4 21.2 369 612 194 687 530 44.4 16.9
pQuant(N=8) 1.7B/1.3B 529 21.7 389 600 21.6 703 555 45.8 14.3

Table 5: Average score on downstream tasks. Results show that pQuant achieves efficient scaling by increasing the
capacity of the high-precision branch. When the number of 8-bit branch reaches 8, pQuant surpasses 2-bit baselines
and matches the accuracy of FP16 models. Total/Activated means total parameters/activated parameters per forward
pass.

Different N Different Quantization Method

Base Size N=1 N=2 N=4 N=8

300M 300M 309M 328M 366M
700M 700M  728M 785M 898M
1.3B 1.3B 14B 15B 1.7B

27.6 27.4
242 25.8

Perplexity

Table 6: Total parameters of pQuant. N denotes the NoL N2 N4 Nes O B e M e gt
. Chna 3
number of 8-bit branches used.

Figure 9: Perplexity of pQuant under different con-

a dimension-reduced BitNet. The results show a figurations. Lower pe.rplexny indicates better perfor-
mance. Left: Perplexity decreases as the number of

significant performance gap. Combined with the 8-bit branches N in pQuant increases. Right: Compari-
analysis from OneBit (Xu et al., 2024), this sup-  son with alternative quantization methods. Native Mix
ports our earlier claim: the impact of increasing  retains 8% of parameters in high precision on top of
rank in fully 1-bit models is limited, suggesting  1-bit BitNet, rather than using our decoupled architec-
that we are approaching the performance limit of ~ ture. Channel-wise quantizes weights per output chan-
pure 1-bit models under such setting. Addition- nel. of thF: matrix multiplication. Group-wise quantizes
ally, we evaluated the practical performance using weights in groups of 64 elements.

FP16 for 8-bit parameters and found that the loss

curve closely matches that of the setting with one

activated 8-bit branch and r = 576, indicating that  oyer, as shown in the right panel of Figure 9,

8-bit precision, combined with a scaling factor, is e explored directly keeping 8% of parameters
already sufficient to represent the sensitive parame- i high precision from the start of BitNet train-
ters in our architecture. ing. This approach yields significantly worse per-
formance than pQuant, despite using more high-
precision parameters (8% vs. pQuant’s 5%). We
also evaluated channel-wise and group-wise quan-
. _ tization. Channel-wise quantization provides negli-
Table 7: Performance comparison w/ or w/o 8-bit  ojple gains. Group-wise quantization (with block
branch. Rer,novmg the 8-bit br,anc,h and training with e 64) achieves better accuracy but requires stor-
only the 1-bit branch leads to a significant drop in model . . . . .

ing one 16-bit scaling factor per 64 1-bit weights,
performance. A > .

which incurs substantial metadata overhead and is
unfriendly to hardware. These results highlight the
effectiveness of pQuant.

Model 300M w/ 300M w/o 700M w/ 700M w/o
Perplexity] 30.1 36.9 21.9 29.3

We show the number of 8-bit branches /N rang-
ing from 1 to 8, at 700M in the left of Figure 9.
As N increases, theperformance of pQuant im- Batch Size. We also evaluated various batch sizes
proves steadily. Specifically, in our tests, pQuant  and found 1 million tokens led to significant per-
outperformed 2-bit model when N = 4. More- formance improvements compared to 4 million to-
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kens. This indicates that low-bit models benefit
more from frequent parameter updates to achieve
optimal performance, rather than relying on larger
batch sizes for stability.

Learning rate. As illustrated in Figure 5(b), we
observed a significant reduction in loss occurring
when the learning rate was decayed, rather than
at the end of the training phase. This approach
made the performance more predictable during the
training process. However, half-precision models
did not benefit from a similar learning rate decay
strategy, likely because their loss curves do not
exhibit an S-shaped pattern.

G Feature Scaling Analysis

As illustrated in Table 8, the feature scaling values
of 1.3B pQuant at the end of training exhibit two
clear patterns: (1) both the initial and final layers
exhibit relatively large scaling magnitudes, while
the intermediate layers show smaller values. (2)
the scaling factors for the 8-bit branches are sig-
nificantly higher than those for the 1-bit branches,
which aligns with our design principle of allocating
higher precision to more influential weights.

H Stability of pQuant
A8 BitNet
§ \ —— pQuant
2380\
£
E \“’NN——A
2.8¢
o 1 2 3 4 5 6 7 8

Training Steps(k)

Figure 10: Training loss curve of two model. pQuant
exhibits greater training stability. In contrast, BitNet fre-
quently suffers from gradient explosion during training,
often requiring checkpoint reloading and restarts.

Additionally, we observed that the 1-bit model
experienced instability and crashes at a batch size
of 4 million tokens, which is the batch size used
for LIaMA-2. Even under the optimal batch size of
1M suggested in the BitNet research, training often
becomes unstable. As shown in the Figure 10, this
necessitates frequent rollbacks to previous check-
points to resume training. In contrast, pQuant did
not show similar issues under the same conditions,
indicating its superior stability.
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I Training Time

The gradient update process in QAT models differs
from that in traditional pretraining, often involving
a simpler or more constrained optimization land-
scape. pQuant follows this characteristic. This is
primarily due to the additional computational steps
involved in quantization, dequantization, and auxil-
iary matrix operations, which are currently imple-
mented using high-precision arithmetic. The con-
sequence of latent weight keeping during trainin is
that we are keeping both a FP16 and 1-bit copy of
weights during training. This makes training less
memory efficient than in a standard Transformer.
Since large models are bottlenecked on memory
bandwidth, this has a significant impact on training
performance.

The estimated training duration across different
models is presented in Table 9.

J Related Work

J.1 Post-Training Quantization

Current quantization approaches are broadly cate-
gorized into Quantization-Aware Training and Post-
Training Quantization. QAT incorporates quantiza-
tion and dequantization during the training phase,
enabling the model to adapt to the constraints im-
posed by reduced precision. In contrast, PTQ ap-
plies quantization without requiring further train-
ing.

A number of recent studies (Luo et al., 2020;
Bondarenko et al., 2021; Wei et al., 2023; Xiao
et al., 2023) have identified the existence of signifi-
cant outliers in large language models. Outlier Sup-
pression (OS) (Wei et al., 2022) restructures the
LayerNorm function by shifting its scale parameter
~ to reduce outlier effects. OS+ (Wei et al., 2023)
introduces a channel-wise shifting transformation
that balances activation magnitudes across channels
to handle asymmetric distributions. SmoothQuant
(Xiao et al., 2023) applies a per-channel scaling
transformation that redistributes quantization diffi-
culty from activations to weights. AWQ (Yao et al.,
2021) observes that the importance of weight chan-
nels is largely determined by activation scales. The
idea of rotation transformation was first explored
in QulP (Chee et al., 2024), later extended by
QuaRot (Ashkboos et al., 2024), which integrates
quantization for both weights and activations, in-
cluding the KV cache. GPTQ (Frantar et al., 2022)
adopts a more accurate quantization framework and
achieves strong results in 4-bit settings.



Layers 1 2 3 4 6 8 10 12 14 16 18 20 21 22 23 24
8-bit 1.82 1.73 157 159 139 133 125 122 134 149 137 127 138 145 156 1.61
I-bit  0.78 0.62 048 042 038 034 031 026 029 036 043 045 041 047 052 0.50

Table 8: Feature scaling after training. In the trained model, feature scaling reveals the model’s preference for the

8-bit branch, highlighting its ability to preserve outliers.

Parameters N=1 N=2 N=4 N=8
300M 1.9 20 21 2.3
700M 49 5.1 54 6.0

1.3B 8.5 88 9.6 11.1

Table 9: Total days for training.

SpinQuant (Liu et al., 2024b) finds that dif-
ferent rotation matrices can lead to varying perfor-
mance in quantized models and proposes a learning-
based approach to optimize rotation transforma-
tions. ZeroQuant (Yao etal., 2022) and LLM.int8()
(Dettmers et al., 2022) improve quantization accu-
racy by introducing custom grouping strategies for
quantization blocks. SpQR (Dettmers et al., 2023)
further partitions features to better manage preci-
sion constraints. OWQ (Lee et al., 2024) preserves
information capacity in sensitive weight channels
through carefully designed scaling transformations.

J.2 Quantization-Aware Training

In QAT, the training process typically involves
three key components: quantization simulation,
gradient approximation, and parameter optimiza-
tion. During forward propagation, weights are
passed through a quantize-dequantize pipeline to
mimic the effect of low bit width computation in
real deployment. Specifically, they are first quan-
tized into lower precision representations and then
dequantized back to higher precision values for fur-
ther computation. Since quantization operations
such as rounding are non differentiable (Yin et al.,
2019), gradient approximation techniques are em-
ployed during backpropagation. With this setup,
the model learns to optimize its parameters under
simulated quantization conditions, thereby improv-
ing robustness to quantization noise (Shen et al.,
2021). As illustrated in Figure 11, given a 16-
bit weight matrix, a quantization scale is typically
derived from its dynamic range (e.g., maximum
absolute value). The matrix is then scaled, rounded
to 1-bit integers, and dequantized back to floating
point. The difference between the dequantized and
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original matrices constitutes the quantization error.
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Figure 11: Illustration of the Quantization-Aware Train-
ing process. Before quantization, matrix multiplications
are performed in 16-bit precision. During QAT, simu-
lated quantization are inserted to enable the model to
learn and compensate for quantization-induced errors.
In the final inference phase, quantization factors are
fused into the weights, only use the quantized weights.

The effectiveness of QAT largely depends on the
design of the pseudo-quantization operation, which
varies in how well it reduces model sensitivity to
quantization. A well-designed pseudo-quantization
mechanism allows the model to adjust its weights
during training in response to quantization effects,
making it more robust or "numb" to the distortions
introduced during actual quantization.
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