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Abstract

Large language models (LLMs) achieve strong
performance but incur high deployment costs,
motivating extremely low-bit but lossy quanti-
zation. Existing quantization algorithms mainly
focus on improving the numerical accuracy
of forward computation to eliminate perfor-
mance degradation. In this paper, we show
that models also suffer from systematic smooth-
ness degradation under extreme quantization,
which cannot be explained by numerical accu-
racy alone. We confirm that input gradients
serve as an effective proxy for smoothness in
transformer-based LLMs and use this metric to
reveal limitations in both post-training quanti-
zation and quantization-aware training. Based
on this analysis, we propose a smoothness-
preserving principle to maintain gradient propa-
gation during quantization. Experiments across
multiple models and tasks demonstrate that pre-
serving smoothness yields additional benefits
beyond numerical accuracy. Our study suggests
smoothness as an important design considera-
tion for future extreme quantization methods.

1 Introduction

Large language models (LLMs) face substantial de-
ployment costs, posing a major bottleneck for real-
world adoption. To unlock model capability under
constrained budgets, model quantization is widely
used, replacing high-bit value representations with
low-bit counterparts (Frantar et al., 2022; Liu et al.,
2025). Model quantization has now been pushed to
an extremely low bit-width, such as 1-bit (Xu et al.,
2024; Li et al., 2025) or even sub-1-bit (Dong et al.,
2025). Under such extreme bit-width compression,
models often suffer from substantial performance
degradation. Existing studies attribute this degra-
dation primarily to numerical precision loss, and
consequently focus on preserving the numerical
precision of forward computation as much as possi-
ble (Huang et al., 2024; Li et al., 2025). A natural
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Figure 1: Smoothness score distribution of LLaMA-2-
7B quantized models under different GPTQ precisions.
Higher scores indicate worse smoothness.

question then arises: Is the collapse of model per-
formance solely caused by numerical precision in
extremely low-bit quantization?

Precision loss alone is insufficient to fully ac-
count for the behavioral changes observed in ex-
tremely quantized models. We find that such mod-
els also exhibit pronounced degradation in smooth-
ness, as shown in Figure 1, which may be an ad-
ditional source of model capability loss. From
the perspective of learning theory, smoothness has
long been recognized as being closely related to
generalization (Babhri et al., 2022), robustness (Co-
hen et al., 2019), and training stability (Lyu et al.,
2022). Models with poor smoothness often exhibit
high sensitivity to small perturbations, leading to
output fluctuations and amplified generalization er-
rors. Extensive prior work in machine learning and
vision shows that smoothness degradation is typi-
cally accompanied by declines in performance and
reliability (Dwivedi et al., 2025; Lee et al., 2025;
Liet al., 2024; Chan et al., 2020). Nevertheless, de-
spite its well-established importance, smoothness
remains insufficiently understood in transformer-
based LLMs under extreme quantization.

To characterize smoothness in transformer-based
LLMs, we first formalize an effective smoothness
proxy. Inspired by vision models and tasks (Chan
et al., 2020; Khromov and Singh, 2024; Lee et al.,
2025), we employ the norm of input gradients to



measure the smoothness of LLMs. Our analysis
shows that input gradients serve well as a reliable
proxy for LLM smoothness, enabling systematic
comparison of different quantization models in ex-
tremely low-bit settings.

Based on this metric, we observe that existing
extremely low-bit post-training quantization (PTQ)
algorithms consistently exhibit a clear trend of
smoothness degradation, which is not an isolated
phenomenon. We identify the core cause as their
incomplete optimization objectives. While mini-
mizing numerical reconstruction error is reason-
able, they inevitably compromise the smoothness
under extremely low-bit settings. Motivated by this
analysis, we propose learnable gradient preserving
(LGP) that supplements the missing components
in prior optimization designs. Accordingly, the
original gradient should be explicitly maintained to
preserve the smoothness as much as possible.

We further analyze the impact of smoothness
on quantization-aware training (QAT). Although
QAT explicitly models quantization noise during
training, it fails to eliminate smoothness degrada-
tion under extremely low-bit settings. Unlike PTQ,
where instability affects end-to-end input gradients,
the smoothness issue in QAT predominantly mani-
fests as amplified intermediate gradients of hidden
states. To counteract this, we introduce loss of
gradient regularization (LGR) during training to
mitigate layer-wise smoothness disruption.

Extensive experiments on both PTQ and QAT
show that smoothness yields additional perfor-
mance gains, independent of the specific algorithm.
Rather than proposing a competing algorithm to
others, we highlight a design principle for extreme
quantization that is often overlooked in prior stud-
ies: smoothness preservation should be considered
on par with fitting precision. We hope that this per-
spective will provide new insights into the design
of future extreme quantization methods. Overall,
this paper makes the following three contributions:

* We establish the feasibility of using in-
put gradients as a proxy for smoothness in
transformer-based LLMs, and reveal system-
atic smoothness degradation in existing ex-
treme quantization methods.

* We identify the deficiencies in extreme quanti-
zation algorithms, and propose a smoothness-
preserving design principle that aims to main-
tain model smoothness throughout the quanti-
zation process.

» Extensive experiments across models and set-
tings show that improving smoothness in ex-
tremely quantized models yields additional
benefits beyond those algorithms provided.

2 Preliminary

2.1 Network Smoothness

Lipschitzness is the most relevant metric of smooth-
ness in neural networks. Generally, let f : D C
R™ — R™ be a function defined on a domain D.
The function f is said to be C-Lipschitz continuous
with respect to the a-norm if there exists a constant
C > 0 such that for all x,y € D:

1fx) = fWlla < Cllx=ylla- (D

The Lipschitz constant can also be simply given by
C = sup [|[Vxflla, )
x€D

where V f is the Jacobian of f with respect to the
input x. Here, & denotes the dual norm of « if
m = 1; otherwise, @ = «. For simplicity, we fix
a = & = 2 in the rest of this paper.

A smaller constant C' implies limited output vari-
ation under small input perturbations. It is closely
associated with the generalization and robustness.
Unfortunately, computing the exact value of C
is NP-hard (Virmaux and Scaman, 2018). There-
fore, we approximately characterize the network
smoothness solely by estimating the upper and
lower bounds of C.

The simplest, yet significantly loose, upper
bound is the product of the Lipschitz constants
of each layer. Consider an L-layer network fg pa-
rameterized by 0, defined as fg = f(&) o f(L=D o
o fM An upper bound on its Lipschitz constant
is given by

L
C<

||vx(i—1)f(i) HQ = C'uppelra
3)

where x("~1) denotes the input for the i-th layer
and dom f is the definition area of f.

The lower bound is estimated by sampling from
the domain D. Using the obtained small subset .5,
we determine Clower as:

sup
i=1x" D edom(f(V)

Cc> SUI; ||vxf0H2 = Clower- 4)
pS

Clower Teduces the complexity of accurately esti-
mating C'. However, a drawback is that it merely



reflects the local gradient magnitude at specific
points rather than the global landscape. An alterna-
tive is to compute the expected input gradient:

C’avg = ExESHvfoHQ~ (5)

Although this metric does not strictly satisfy the
definition of Lipschitz constant, it provides a valid
and often more practical estimate of C'. For more
details, please refer to Khromov and Singh (2024).

2.2 Model Quantization

Model quantization converts the 16-bit floating-
point formats commonly used in LLMs into low-
bit representations (Frantar et al., 2022; Xiao et al.,
2023). While most studies focus on low-bit integer
representations, floating-point formats (Wang et al.,
2025) and codebook-based encoding(Tseng et al.,
2024) are also investigated. In this work, we focus
on fixed-point quantization for our analysis.

Quantization converts precision through scaling
and shifting. The process is formulated as

Qw) = clamp(| 5] +2,0.2Y = 1), (6)

where |-]| denotes the rounding-to-nearest, and
clamp represents the clipping operation. The pa-
rameters 1 and z are obtained as follows:

max(w) — min(w)
2N —1 ’ )
z = —|min(w)/h].

h =

Here, N denotes the bit-width of the integer. For
memory efficiency, matrix rows or columns are
often quantized in groups, each sharing the same h
and z, typically of size 64 or 128.

Correspondingly, the dequantization process
maps the discrete integer values back to the floating-
point domain to enable subsequent computation. It
can be defined as

w=Q ! Qw) =h-(Qw)—2). (¥

The recovered value w serves as an approximation
of the original weight w, with the quantization error
determined by the bit-width IV, the clipping range,
and the group-wise statistics.

3 Smoothness Proxy

While bounds on Lipschitz constants effectively
characterize model smoothness, existing conclu-
sions are predominantly derived from simple archi-
tectures or vision tasks, such as MLPs (Shi et al.,
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Figure 2: Approximate Lipschitz constant of LLaMA-
2-7B on one input sequence under different precisions.

2022), ResNets (Chan et al., 2020), or ViTs (Khro-
mov and Singh, 2024). It remains unclear whether
these findings hold for transformer-based LLMs
and quantized LLMs. In this section, we discuss the
applicability of approximate Lipschitz constants to
LLMs, focusing on Cypper, Clower> and Chyg.

It is well-established that Cypper is ill-suited for
characterizing smoothness across all architectures.
By neglecting interlayer dependencies, it yields a
vacuous bound that diverges exponentially from
the true Lipschitz constant as depth increases. Fur-
thermore, computing layer-wise Jacobians incurs
prohibitive computational costs.

In fact, Clower SETVEs as a more accurate proxy,
adhering closely to the definition of C' via sampling
estimation. However, due to the non-differentiable
sup operation, it is ill-suited for differentiable con-
texts. Conversely, while Cyy, offers differentiabil-
ity, it deviates from the strict definition of C'. We
now address two pivotal questions: (a) Can Cyyg ap-
proximate C' in transformer-based LLMs? and (b)
Does this approximation hold for quantized LLMs?

To facilitate measuring the impact of input per-



turbations on LLM outputs, we define f as the
language modeling objective combined with the
cross-entropy loss. Consequently, f takes the form
f :R™ — R. A key benefit is that V f simplifies
to a gradient vector instead of a Jacobian matrix,
thereby avoiding the excessive computation and
memory overhead associated with Jacobians.

We provide a formal definition of Vi f in
the context of LLMs. For an input sequence
(wi,...,wy),let ng) denote the input hidden state
of token wy atlayer ¢ = 1, ..., L. The smoothness
proxy, referred to as “input gradient”, is defined as
Vo f, where x() is the token embedding of wy.

We investigate the relationship between Ciower
and Cjyye on Llama-2-7B. As shown in Figure 2a,
Clower converges as the number of input tokens in-
creases. Although Ciower exhibits a few distinct
spikes, these are attributed to a very small number
of tokens with large gradients. As illustrated in Fig-
ure 2c, the gradients for nearly all tokens remain
below 0.02. In the absence of these outliers, the
distribution of Cjgwer would be flat. Meanwhile,
despite a magnitude gap between the two, Cyyg €x-
hibits a trend similar to that of Cjower. Therefore,
although Cyy, does not strictly adhere to the defini-
tion of C, it remains a valid metric for estimating
trends in LLM smoothness.

This conclusion also holds for the quantized
models shown in Figure 2b. Additionally, Figure 2¢
illustrates the shift in input gradients for quantized
models. We observe that at 3-bit quantization, the
input gradients exhibit a noticeable increase, even
though the quantization loss remains minimal.

4 Gradient Preservation for PTQ

In this section, we first analyze why existing PTQ
algorithms fail to avoid the smoothness problem.
We then introduce learnable gradient preservation
as an illustrative solution and empirically demon-
strate its efficacy through experiments.

4.1 Incomplete Optimization Objective

PTQ compresses each module of an LLM in a layer-
wise manner, aiming to align the behavior of the
quantized module with that of the original. Let z
denote a specific layer in the LLM, where X repre-
sents its input activations and 6 the layer weights.
Generally, all PTQ algorithms optimize the follow-
ing objective during the quantization process:
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Figure 3: In a linear layer, the forward pass is computed
row-wise, whereas the backward pass is column-wise.

Here, 6 denotes the quantized weights. This opti-
mization objective implies that, regardless of the
values of quantized weights, the primary require-
ment is to align the output activation of the quan-
tized model with that of the original one. However,
it can not ensure that the module smoothness is not
compromised after quantization. Specifically, in a
linear layer Y = WX, the objective for quantizing
the weight can be formulated as:

min |[WX — WX||%. (10)
w

This addresses the approximation of the forward
propagation. Turn to consider the backward prop-
agation. Let the gradient with respect to Y be de-
noted as Vy f = G. According to the chain rule,
the gradient with respect to the input X is given
by Vx f = W TG. Considering that the backward
propagation of the original model remains intact,
we further need to optimize:

min [W'G - WTG|%. (11)
W

To maintain accuracy while preserving smoothness,
we should optimize the following objective:

min [WX - WX||%+ [W'G - W'G|%.
Ay

accuracy smoothness

(12)
The first term of this objective aims to ensure the
fitting fidelity of the quantized model to the orig-
inal one, while the second term seeks to preserve
the smoothness of the original model. As shown
in Figure 3, the optimization objectives in Eq. 10
and 11 are mutually orthogonal.

This indicates that the classical PTQ optimiza-
tion is incomplete. While this incompleteness has
a negligible impact at higher bit-widths (> 3 bits),
addressing it yields noticeable gains in extreme
quantization algorithms.



Method \ Wiki2 C4 \ BoolQ OBQA RTE Wino.  Hella. PIQA MathQA ARC-e ARC-c Avg.
Llama-2-7B (a1 = 1e6 in LGP)

BF16 \ 547 697 \ 7771 4420 6282 69.14 76.00 79.11 28.31 7454  46.25 62.01
GPTQ | 39.58 31.19 | 5834 26.80 54.51 52.49 37.13 58.54  22.68 38.43 2526 41.58
OmniQ | 13.76 1443 | 63.27 31.20 54.51 55.88 50.70 66.59  22.71 43.60 25.77 46.03
+LGP 13.77 1437 | 62.35 33.00 5523 55.25 50.81 67.95 23.38 4545 26.62 46.67

Llama-2-13B (a3 = 1ebin LGP)

BF16 \ 488 6.47 \ 80.55 4520 6534 7214  79.38 80.52 31.86 7744  49.06 64.61
GPTQ | 30.79 29.81 | 54.19 27.60 50.18 51.14 41.08 61.37 2224 38.64 26.02 41.38
OmniQ 9.30 1090 | 66.69 33.20 5523 58.17 60.38 71.82 25.90 57.15 31.83 51.15
+LGP 9.25 10.87 | 67.09 3420 56.68 58.17 60.00 71.71 25.06 58.08 32.59 51.51

Qwen-3-0.6B = le4 in LGP)

BF16 \ 2096 2543 \ 63.82 3140 5379 56.43 4730 6725 31.46 55.93 3370 49.01
GPTQ | 7.1e3 24ed4 | 4199 23.00 51.62 50.83 25.59 52,56 19.39 25.84  25.00 35.09
OmniQ | 3102 141.8 | 61.07 25.00 5271  48.78 28.28 56.96 22.81 31.86 2226 38.86
+LGP 295.0 140.1 | 61.50 25.00 52.71 51.62 28.44 56.75 2245 3194 2253 39.22

Qwen-3-8B (a1 = 1€2in LGP)

BF16 \ 9.73  13.30 \ 86.61 41.80 7798 68.11 7490 77.86  49.45 80.81 56.74 68.25
GPTQ | 5234 4340 | 4495 27.00 51.62 50.98 3544 5397 19.16 2736 23.81 37.14
OmniQ | 37.47 3036 | 73.70 33.00 54.15 57.62 4890 68.72 24.46 55.72 3242 49.85
+LGP 37.84 30.79 | 73.94 30.80 52.71 59.12 47.89 68.72  25.06 57.32 33.19 49.86

Table 1: Main W2A16 quantization results of the evaluation experiment. The best scores are in bold.

4.2 Learnable Gradient Preservation

The objective in Eq. 10 has a high-precision approx-
imate closed-form solution. Leveraging second-
order information (i.e., the Hessian matrix H =
XX "), GPTQ iteratively quantizes weights while
adjusting the remaining ones to minimize error.
Due to its effectiveness, it serves as the backbone
for numerous methods. Unfortunately, the joint
smoothness objective (Eq. 12) is incompatible with
GPTQ-like solvers due to mutually orthogonal op-
timization directions: Eq. 10 proceeds row-wise,
while Eq. 11 demands column-wise iteration.

As an example solution, we focus on address-
ing the problem itself, leaving the derivation of a
closed-form solution for the joint optimization to
future work. We choose to optimize the smooth-
ness of the OmniQuant (Shao et al., 2024). Unlike
GPTQ, which quantizes weights iteratively, Omni-
Quant introduces learnable parameters during the
quantization process and enhances performance via
layer-wise distillation. Specifically, the core of Om-
niQuant lies in learnable weight clipping, which
introduces parameters ~y and [3:

~ymax(w) — S min(w)
2N 1 ’
z = —|Bmin(w)/h].

They are then updated using the layer-wise distilla-

h=
(13)

tion loss defined in Eq. 9. Although OmniQuant is
no longer the state-of-the-art baseline for extreme
quantization, this does not undermine the valid-
ity of our demonstration regarding the benefits of
introducing smoothness.

To preserve the smoothness of the original
model, we propose learnable gradient preservation
(LGP) based on OmniQuant and our analysis. Con-
sequently, the layer-wise distillation objective in-
corporated with LGP is formulated as:

: 2 2

min |0 29|} + 01l Vx frg = VxS, I (149
where the coefficient oy controls the strength of
the smoothness objective.

4.3 Experimental Setup

We evaluate the effectiveness of introducing LGP
on two mainstream models, Llama-2 and Qwen-3.
The model sizes range from 0.6B to 13B.

Baselines We select the original model, 2-bit
GPTQ, and 2-bit OmniQuant as our baselines. The
original model serves as a reference to quantify the
performance gap induced by quantization. By com-
paring OmniQuant with GPTQ, we highlight the
accuracy gains achieved by the learnable weight
clipping (i.e., optimizing Eq. 9). Our method is
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Figure 4: Comparison of zero-shot accuracy under dif-
ferent values of the coefficient .

designed to demonstrate the effectiveness of intro-
ducing LGP for joint optimization (Eq. 14). For
calibration, all methods utilize 128 sequences from
the C4 dataset, each with a length of 2048. The
quantization group size is set to 128.

LGP For all models, regardless of whether LGP
is incorporated, the layer-wise distillation process
is conducted for 40 epochs. The coefficient ay
is typically set to be 1e/ where K is a positive
integer, as listed in Table 1.

Evaluation To assess the performance of the
baselines and LGP, we calculate perplexity using
sequences randomly sampled from Wikitext2 (Mer-
ity et al., 2017) and C4 (Raftel et al., 2020). Ad-
ditionally, we report zero-shot accuracy across a
range of tasks, including Winogrande (Sakaguchi
et al.,, 2021), Hellaswag (Zellers et al., 2019),
PIQA (Bisk et al., 2020), BoolQ (Clark et al.,
2019), ARC (Clark et al., 2018), OBQA (Mihaylov
et al., 2018), MathQA (Amini et al., 2019), and
RTE (Wang et al., 2018).

4.4 Main Results

Table 1 presents the evaluation results of incorpo-
rating LGP into PTQ. Compared to GPTQ, Omni-
Quant achieves substantial accuracy gains in 2-bit
weight quantization. However, a noticeable perfor-
mance gap remains relative to the FP16 baseline.
Upon integrating LGP, we first observe that the lan-
guage modeling capability is maintained or even
slightly enhanced. Furthermore, LGP demonstrates
improvements across the majority of accuracy tasks
for each model. Notably, although LGP does not
explicitly optimize for fitting accuracy, it yields fur-
ther improvements in both PPL and Accuracy. We
attribute this success to the inherent advantages of
smoothness, which mitigates erratic output shifts.
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Figure 5: Layer-wise gradient of BF16 and B158 mod-
els. The left side corresponds to shallow layers.

4.5 Ablation

LGP incorporates a parameter «; to balance the ob-
jectives of fitting fidelity and smoothness. An insuf-
ficiently small a;; renders LGP ineffective, while
an overly large value disrupts the fitting process,
leading to accuracy degradation. To avoid these
issues, we employ a heuristic method for selecting
a1. Given that the norm of the backward gradients
is smaller than the fitting loss by multiple orders
of magnitude, we choose a sufficiently large o to
bring both terms to a comparable scale. For exam-
ple, for Llama-2-7B, we perform a search across
magnitudes ranging from le4 to 1e8. The differ-
ence of varying o is shown in Figure 4.

5 Gradient Regularization for QAT

QAT typically employs the language modeling loss,
thereby also neglecting the smoothness issue. In-
tuitively, V(o) f appears suitable for constraining
model smoothness. However, the existence of gra-
dient ridge at the O-th layer makes Vo) f invalid
for this purpose.

5.1 Gradient Ridge

We begin by examining the layer-wise gradient
discrepancies between our trained high-precision
BF16 model and its 1.58-bit counterpart (Ma et al.,
2024). Specifically, we monitor the input and
output gradients of the input_layernorm and
post_attention_layernorm for each layer, as il-
lustrated in Figure 5. Both models utilize the same
training setting.

Initially, we observe that the intermediate gradi-
ents in the B158 model are noticeably larger than
those in the BF16 model, implying that the inter-
mediate states of the former are less smooth. This
is especially significant in the early and middle lay-
ers. Furthermore, we notice that the input gradients
at the O-th layer for both models spike to a simi-
larly high magnitude (=6e-2). Why do the input



Size | Method | Wiki2 C4 | Wino. Hella. PIQA BoolQ OBQA ARC-e ARC-c Avg.
BF16 58.85 67.76 50.75 26.85 53.97 61.77 26.40 31.48 23.04 39.18
0.4B B158 62.86 68.11 49.80 25.51 53.21 62.05 25.00 30.64 23.46  38.52
+LGR 62.28 69.44 50.04 26.22 53.54 62.05 24.40 29.76 2449 38.64
BF16 60.29 72.43 46.88 27.13 55.28 42.29 24.00 30.93 23.21 35.67
1.0B B158 65.52 77.12 48.30 25770  49.62 37.83 26.20 27.15 24.57  34.20
+LGR 66.97 76.15 50.28 25.75 50.54 37.83 28.20 27.61 2543 35.09
BF16 57.76 65.87 49.41 27.07 56.04 39.36 24.20 32.24 23.81 36.02
1.7B B158 55.61 70.87 51.22 26.07 49.62 37.83 26.40 26.30 25.77 34.74
+LGR | 55.80 68.22 | 50.51 2617 51.03 3841 2680 27.02 2432 34.89

Table 2: Main quantization results on our trained FP16 and B158 models. The best scores are in bold.

size ‘ Njayer  Tlhead dhidden dinter steps Ir LGR ‘ C4 Wino PIQA ARC-e ARC-c

0.4B 16 16 1024 4096 300k 2e-4 Ve f | 68.11 5083 5413 2942 2329
1.0B | 24 24 1536 6144 400k 2e-4 Voo f | 7029 4822 5397 29.00 2278
1.7B 24 32 2048 8192 400k 2e-4

Table 3: Configurations of different model sizes.

gradients at the O-th layer remain nearly identical?
We hypothesize that it stems from the nature of the
input: word embeddings that lack semantic inte-
gration. The extreme sparsity of such inputs may
drive the model into a state of overfitting. As a
result, input points in the latent space tend to be
situated on “ridges” rather than in “valleys”. We
term it the “Gradient Ridge”, an intrinsic being
that exists independent of weight compression. For
more comparisons, please refer to Section A.2.

5.2 Loss of Gradient Regularization

To enable extremely low-bit models to automati-
cally acquire smoothness during training, we pro-
pose the loss of gradient regularization (LGR).
Given the aforementioned gradient ridge, we utilize
the input hidden states of the 1-st layer instead of
the O-th layer inputs. Specifically:

N
1
Lamootr = 7 DIV, flF (5

assuming a sequence length of N tokens. There-
fore, the overall loss becomes £ = L +
a2 Lsmooth, Where o controls the regularization
intensity. We will demonstrate the drawbacks of
relying on O-th layer input gradients subsequently.

5.3 Experimental Setup

We evaluate the FP16 baseline against the standard
B158 model and its smoothed counterpart. We train
models of three different sizes on the OpenWeb-
Text2 dataset, and their configurations are listed in

Table 4: Ablation of different input gradients. We report
the 0.4B model training with 400k steps, and ais = 0.1.

Table 3, with detailed training settings provided in
the Appendix. We fix acg = 0.01 for all runs. The
evaluation protocol aligns with that of Section 4.3.

5.4 Main Results

Table 2 presents the performance of B158 models
and their LGR-enhanced counterparts. For refer-
ence, the results of the FP16 models are also in-
cluded. It is evident that the models trained with
LGR exhibit better performance on the majority of
benchmarks. We also observe that the 0.4B model
outperforms the 1.7B model on certain tasks. This
is likely attributable to the sufficiency of training.

5.5 Ablation

Table 4 shows the superiority of utilizing input
gradients from the 1-st layer. In contrast, relying
on the 0-th layer may have a detrimental impact on
training results. We attribute this potential failure
to the corruption of embedding representations.

6 Discussion

6.1 Quantization and Weight Space

Weight quantization is equivalent to shifting the
original weights along a specific direction. Eq. 12
and our analysis show that there exist two orthogo-
nal optimization directions that jointly influence
quantization performance, as illustrated in Fig-
ure 6. In high-precision regimes, both accuracy
and smoothness can simultaneously achieve opti-
mality. However, when a substantial distance exists
between 6 and 6, the quantization algorithm should



Figure 6: Anisotropy of the weight space. Deviating
from 6 reveals two distinct directions where accuracy
and smoothness degrade, respectively.

consider smoothness as much as possible, subject
to the constraint of ensuring accuracy.

6.2 Smooth Training

Section 5 presents a preliminary exploration of
smooth training. Emerging evidence suggests that
it is particularly important in extremely low-bit
QAT scenarios. Due to space constraints, we detail
its effectiveness and provide deeper insights and
ablations in Appendix A.1.

6.3 Accuracy + Smoothness = ?

Let AW = W — W, and Eq. 10 can be simplified
to min | AWX(||%. Given that X adheres to a cer-
tain distribution, a AW exists that minimizes this
term, which partially explains the viability of quan-
tization. If we subsequently impose the stronger
constraint of Eq. 11 (i.e., min | AW TG||2.), does
a valid AW still persist? Does this imply that the
original model is the sole candidate capable of si-
multaneously achieving both accuracy and smooth-
ness? The answer seems to be no. This stems
from the fact that the two optimization processes
essentially involve finding the rows of AW in the
null spaces of X and the columns must lie in the
null space of G. A joint solution exists provided
that V' (XT) N NV(GT) # {0}. Indeed, the ex-
treme sparsity of LLMs ensures that X and G are
low-rank, making the condition:

rank(X) + rank(G) < min(din, dout)

generally valid, though the feasible solution space
becomes much narrower. This observation high-
lights the challenges that dual constraints impose
on developing algorithms for extreme quantization.

7 Related Work
7.1 Model Quantization

Model quantization compresses high-precision
weights into low-bit representations. Post-training

quantization (PTQ) converts a trained model to low-
bit precision using optimization solvers (Frantar
et al., 2022; Dettmers et al., 2024). Quantization-
aware training (QAT) integrates quantization into
training process to mitigate the adverse effects of
reduced precision (Liu et al., 2024; Xu et al., 2024).
Some studies also explore simultaneous weight and
activation quantization (Liu et al., 2025; Xiao et al.,
2023). Currently, the widely used lossless quan-
tization level is INT4. Quantization below this
level is considered extreme, but it often leads to
degraded model performance (Tseng et al., 2024;
Huang et al., 2024; Ma et al., 2024; Li et al., 2025;
Xu et al., 2025). Nearly all existing extreme quan-
tization focuses primarily on improving representa-
tion accuracy to reduce forward computation loss.

7.2 Network Smoothness

Lipschitzness is the most direct smoothness metric
in neural networks (Bartlett et al., 2017). However,
despite its concise definition in machine learning,
accurately estimating the Lipschitz constant for
neural networks is highly challenging (Virmaux
and Scaman, 2018). Numerous studies attempt to
approximate network Lipschitz constants, yet they
typically suffer from two limitations. First, they fail
to effectively address the exponential growth of es-
timated bounds with network depth (Virmaux and
Scaman, 2018; Wang et al., 2022). Second, most
prior work relies on early architectures (Gouk et al.,
2021; Singla and Feizi, 2021; Erichson et al., 2021;
Zhou et al., 2019; Khromov and Singh, 2024), such
as ResNet. In contrast, the Lipschitzness of trans-
former (Kim et al., 2021; Qi et al., 2023) remains
relatively underexplored. Although early studies
in vision (Gouk et al., 2021) and robustness (Pauli
et al., 2021) investigate the impact of smoothness
on model performance via proxies, conclusions on
smoothness in LLMs remain scarce.

8 Conclusion

In this work, we highlight a critical yet often
overlooked objective in extreme quantization: the
smoothness of quantized models. Building upon
the viability of input gradients in LLMs, we pro-
pose LGP for PTQ and LGR for QAT as prelimi-
nary solutions, respectively. We experimentally val-
idate their effectiveness and provide a detailed anal-
ysis. We advocate for future research in extreme
quantization to explicitly incorporate smoothness
into algorithm design.



Limitations

Although we propose a novel smoothness-aware
perspective to complete the optimization objectives
for extreme compression, we acknowledge three
main limitations that point toward future directions.

Firstly, our proposed methods (LGP and LGR)
function as foundational baselines. We prioritized
simplicity and versatility to demonstrate the valid-
ity of the smoothness hypothesis. Consequently,
these methods may not represent the optimal mathe-
matical solution for the joint optimization problem
we formulated. We anticipate that future work can
build upon our dual-constraint analysis to design
more advanced solvers.

Secondly, while we provide intuitive explana-
tions like the “Gradient Ridge”, its underlying
causes are not yet fully understood. We regard this
work as a stepping stone that invites the community
to delve deeper into its underpinnings, which may
contribute to the explainability of LLMs.

Lastly, constrained by available computational
resources, our experiments are confined to mod-
els of moderate scale and trained with a limited
number of steps on a restricted dataset. While we
observe consistent improvements within this scope,
the behavior of smoothness constraints under the
regime of massive-scale pre-training remains an
open question. We hope that future work can fur-
ther scale these experiments.
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A Appendix

A.1 Smoothness in Training Process
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Figure 7: Evolution of C,,, during training across dif-
ferent models and settings. Here, we use 0.4B model.

In this section, we discuss several topics related
to smoothness-aware training, reflecting on insights
and conjectures derived from our experiments. We
primarily address the following three questions:
a) Why is RMSNorm excluded from the BitNet
b1.58 model in our QAT experiments?

In the standard BitNet b1.58 architecture (Ma
etal., 2024), the activations entering the linear layer
are first normalized via RMSNorm before perform-
ing matrix multiplication with the ternary weights.
This process is defined as follows:

X' = RMSNorm(X)
W' = Ternarize(W)
Y=WX.

In our LGR implementation, we deliberately ex-
cluded RMSNorm as a controlled variable strategy.
It is well established that BitNet models incorpo-
rating RMSNorm achieve performance compara-
ble to full-precision baselines. This effectiveness
stems from two factors: first, RMSNorm normal-
izes activations during the forward pass, enhancing
computation accuracy; second, it significantly flat-
tens backward gradients, substantially improving
ternary model smoothness.
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However, this dual impact makes it difficult to
isolate the specific benefits of smoothness. By re-
moving RMSNorm, we align the forward computa-
tion process with that of the full-precision model.
Consequently, any observed gains can be attributed
solely to smoothness. Furthermore, the success of
RMSNorm itself implicitly validates the accuracy-
smoothness trade-off idea proposed in this paper.
b) Is smoother training always better?

In QAT, maximizing smoothness is not uncon-
ditionally beneficial. Moreover, it is unrealistic
to expect a ternary model to achieve parity with a
full-precision model in both smoothness and perfor-
mance simultaneously. The core idea of this work
is to identify the smoothest candidate among the
manifold of quantized solutions that have equiva-
lent fitting accuracy.

The guiding principle is moderate smoothing:
enhancing smoothness without compromising ac-
curacy. We selected the hyperparameter ag = 0.01.
As shown in Figure 7, increasing ag significantly
improves model smoothness; at s = 100, the
ternary model exhibits smoothness comparable to
the full-precision baseline. However, this comes
at a cost: due to over-smoothing, the accuracy de-
grades, causing perplexity to deteriorate from 97.4
to 130.6, similar to randomly regularization. Con-
sequently, excessive smoothing must be avoided.
¢) How can smoothness be incorporated into in-
dustrial training practices?

Since the norm of input gradients is negligible
relative to the training loss, introducing smoothness
constraints in the early stages of training proves in-
effective. Furthermore, adhering to the principle
of moderate smoothing, LGR should not drasti-
cally alter the intrinsic smoothness of quantized
model. Consequently, we recommend incorporat-
ing smoothness training only during the mid-to-late
stages of the training process. This strategy may
preserves pre-trained knowledge while conserving
computational resources.

A.2 Gradient Ridge

We observe that the “Gradient Ridge” is not spo-
radic. It is independent of subtle architectural mod-
ifications or quantization settings. In Section 5.1,
we initially demonstrate its presence in both FP16
and B158 models. To reinforce the universality of
this observation, we conducted similar tests on the
BitNet b1.58 architecture with RMSNorm.

As illustrated in Figure 8a, even though the RM-
SNorm-equipped model exhibits smoothness com-
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Figure 8: Evolution of Cyy during training when inte-
grate RMSNorm or freeze word embedding.

parable to the FP16 baseline, the input gradient
at O-th layer still spikes to a very high magnitude.
Note that all results reported thus far, including
those in Section 5.1, is derived under full-weight
training settings. Furthermore, we test with using
frozen FP16 embeddings within the B158 model.
As depicted in Figure 8b, the conclusion holds firm.

Based on this evidence, we conclude that the
Gradient Ridge is by no means coincidental. Al-
though its root cause remains elusive, we believe
that exploring it could offer significant benefits for
the interpretability of LLMs.

A.3 Residual Quantization and Smoothness

Section 4.1 points out the challenge of optimizing
the complete objective (Eq. 12), as the two sub-
objectives are orthogonal. Yet, Section 6.3 clarifies
that this goal is not impossible. It merely constrains
the solution space.

While deriving a closed-form solution for Eq. 12
is challenging, it remains feasible to partially fulfill
the smoothness objective while prioritizing accu-
racy. The extreme sparsity of LLM gradients under-
pins this feasibility. As illustrated in the Figure 9,
input and output gradients across linear layers re-
main negligible in the vast majority of channels.
This implies that by prioritizing the precision of
a select few columns, we can ensure that gradi-
ent propagation remains unimpaired. As a result,
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Figure 9: Important/abnormal gradient channels and
relaxed optimization.

selecting key column vectors and applying high pre-
cision presents an intuitively viable strategy. Here,
the objective in Eq. 11 is relaxed, effectively giving
an approximate solution.

In fact, similar ideas have already emerged in the
field of extreme quantization (Huang et al., 2024;
Xu et al., 2025; Li et al., 2025). Methods like resid-
ual quantization select a subset of pivotal column
vectors to fit their quantization errors, significantly
enhancing extreme compression performance. The
distinction between our proposal and such methods
lies in the selection criteria. Residual quantization
evaluates column importance based on activation
error, defined as [; = (w; — w;)z;. In contrast,
our relaxed formulation utilizes the magnitude of
backward gradients V, f as the importance metric.
Combining these two indicators may pave the way
for designing even more potent extreme compres-
sion algorithms, which is a direction we leave for
future research.

A.4 Details on Baselines

In this section, we provide supplementary imple-
mentation details for the evaluated methods. All
code will be released upon de-anonymization of
the paper.

GPTQ We adhere to the default configurations
provided in the official open-source repositories.
Specifically, we set the random seed for data sam-
pling to 0 and employ a Hessian damping factor of
0.01. Moreover, we utilize asymmetric quantiza-
tion, activation-aware channel reordering, and true
sequential quantization.

OmniQuant We set the random seed for data
sampling to 0. The learning rate for LWC is config-
ured at 0.01, and the model is trained for alignment
for 40 epochs using AdamW optimizer. Addition-
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ally, we employ asymmetric quantization and an
auxiliary loss in their official code.

LGP Following OmniQuant, we quantize layers
sequentially in a shallow-to-deep manner. For each
layer, we first perform a full forward and backward
pass through the entire model to compute the input
and output gradients of this layer. Subsequently,
we calculate the smoothness loss of the quantized
model and add it to the original OmniQuant loss.
Other configurations remain identical to those in
OmniQuant.

LGR We conduct the training on 8 NVIDIA
A800 GPUs. The setup utilizes a per-device batch
size of 1 with 16 gradient accumulation steps. We
employ the AdamW optimizer with hyperparam-
eters 51 = 0.9, 8o = 0.95, and a weight decay of
0.1. The learning rate follows a cosine schedule
with a 1000-step warmup. To help for reproducibil-
ity, random seeds for Python, NumPy, PyTorch,
and CUDA are all fixed at 1234.
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