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Abstract001

Large language models (LLMs) achieve strong002
performance but incur high deployment costs,003
motivating extremely low-bit but lossy quanti-004
zation. Existing quantization algorithms mainly005
focus on improving the numerical accuracy006
of forward computation to eliminate perfor-007
mance degradation. In this paper, we show008
that models also suffer from systematic smooth-009
ness degradation under extreme quantization,010
which cannot be explained by numerical accu-011
racy alone. We confirm that input gradients012
serve as an effective proxy for smoothness in013
transformer-based LLMs and use this metric to014
reveal limitations in both post-training quanti-015
zation and quantization-aware training. Based016
on this analysis, we propose a smoothness-017
preserving principle to maintain gradient propa-018
gation during quantization. Experiments across019
multiple models and tasks demonstrate that pre-020
serving smoothness yields additional benefits021
beyond numerical accuracy. Our study suggests022
smoothness as an important design considera-023
tion for future extreme quantization methods.024

1 Introduction025

Large language models (LLMs) face substantial de-026

ployment costs, posing a major bottleneck for real-027

world adoption. To unlock model capability under028

constrained budgets, model quantization is widely029

used, replacing high-bit value representations with030

low-bit counterparts (Frantar et al., 2022; Liu et al.,031

2025). Model quantization has now been pushed to032

an extremely low bit-width, such as 1-bit (Xu et al.,033

2024; Li et al., 2025) or even sub-1-bit (Dong et al.,034

2025). Under such extreme bit-width compression,035

models often suffer from substantial performance036

degradation. Existing studies attribute this degra-037

dation primarily to numerical precision loss, and038

consequently focus on preserving the numerical039

precision of forward computation as much as possi-040

ble (Huang et al., 2024; Li et al., 2025). A natural041

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- 042

formance solely caused by numerical precision in 043

extremely low-bit quantization? 044

Precision loss alone is insufficient to fully ac- 045

count for the behavioral changes observed in ex- 046

tremely quantized models. We find that such mod- 047

els also exhibit pronounced degradation in smooth- 048

ness, as shown in Figure 1, which may be an ad- 049

ditional source of model capability loss. From 050

the perspective of learning theory, smoothness has 051

long been recognized as being closely related to 052

generalization (Bahri et al., 2022), robustness (Co- 053

hen et al., 2019), and training stability (Lyu et al., 054

2022). Models with poor smoothness often exhibit 055

high sensitivity to small perturbations, leading to 056

output fluctuations and amplified generalization er- 057

rors. Extensive prior work in machine learning and 058

vision shows that smoothness degradation is typi- 059

cally accompanied by declines in performance and 060

reliability (Dwivedi et al., 2025; Lee et al., 2025; 061

Li et al., 2024; Chan et al., 2020). Nevertheless, de- 062

spite its well-established importance, smoothness 063

remains insufficiently understood in transformer- 064

based LLMs under extreme quantization. 065

To characterize smoothness in transformer-based 066

LLMs, we first formalize an effective smoothness 067

proxy. Inspired by vision models and tasks (Chan 068

et al., 2020; Khromov and Singh, 2024; Lee et al., 069

2025), we employ the norm of input gradients to 070
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measure the smoothness of LLMs. Our analysis071

shows that input gradients serve well as a reliable072

proxy for LLM smoothness, enabling systematic073

comparison of different quantization models in ex-074

tremely low-bit settings.075

Based on this metric, we observe that existing076

extremely low-bit post-training quantization (PTQ)077

algorithms consistently exhibit a clear trend of078

smoothness degradation, which is not an isolated079

phenomenon. We identify the core cause as their080

incomplete optimization objectives. While mini-081

mizing numerical reconstruction error is reason-082

able, they inevitably compromise the smoothness083

under extremely low-bit settings. Motivated by this084

analysis, we propose learnable gradient preserving085

(LGP) that supplements the missing components086

in prior optimization designs. Accordingly, the087

original gradient should be explicitly maintained to088

preserve the smoothness as much as possible.089

We further analyze the impact of smoothness090

on quantization-aware training (QAT). Although091

QAT explicitly models quantization noise during092

training, it fails to eliminate smoothness degrada-093

tion under extremely low-bit settings. Unlike PTQ,094

where instability affects end-to-end input gradients,095

the smoothness issue in QAT predominantly mani-096

fests as amplified intermediate gradients of hidden097

states. To counteract this, we introduce loss of098

gradient regularization (LGR) during training to099

mitigate layer-wise smoothness disruption.100

Extensive experiments on both PTQ and QAT101

show that smoothness yields additional perfor-102

mance gains, independent of the specific algorithm.103

Rather than proposing a competing algorithm to104

others, we highlight a design principle for extreme105

quantization that is often overlooked in prior stud-106

ies: smoothness preservation should be considered107

on par with fitting precision. We hope that this per-108

spective will provide new insights into the design109

of future extreme quantization methods. Overall,110

this paper makes the following three contributions:111

• We establish the feasibility of using in-112

put gradients as a proxy for smoothness in113

transformer-based LLMs, and reveal system-114

atic smoothness degradation in existing ex-115

treme quantization methods.116

• We identify the deficiencies in extreme quanti-117

zation algorithms, and propose a smoothness-118

preserving design principle that aims to main-119

tain model smoothness throughout the quanti-120

zation process.121

• Extensive experiments across models and set- 122

tings show that improving smoothness in ex- 123

tremely quantized models yields additional 124

benefits beyond those algorithms provided. 125

2 Preliminary 126

2.1 Network Smoothness 127

Lipschitzness is the most relevant metric of smooth- 128

ness in neural networks. Generally, let f : D ⊆ 129

Rn → Rm be a function defined on a domain D. 130

The function f is said to be C-Lipschitz continuous 131

with respect to the α-norm if there exists a constant 132

C > 0 such that for all x,y ∈ D: 133

∥f(x)− f(y)∥α ≤ C∥x− y∥α. (1) 134

The Lipschitz constant can also be simply given by 135

C = sup
x∈D

∥∇xf∥α̃, (2) 136

where ∇xf is the Jacobian of f with respect to the 137

input x. Here, α̃ denotes the dual norm of α if 138

m = 1; otherwise, α̃ = α. For simplicity, we fix 139

α = α̃ = 2 in the rest of this paper. 140

A smaller constant C implies limited output vari- 141

ation under small input perturbations. It is closely 142

associated with the generalization and robustness. 143

Unfortunately, computing the exact value of C 144

is NP-hard (Virmaux and Scaman, 2018). There- 145

fore, we approximately characterize the network 146

smoothness solely by estimating the upper and 147

lower bounds of C. 148

The simplest, yet significantly loose, upper 149

bound is the product of the Lipschitz constants 150

of each layer. Consider an L-layer network fθ pa- 151

rameterized by θ, defined as fθ = f (L) ◦ f (L−1) ◦ 152

· · ·◦f (1). An upper bound on its Lipschitz constant 153

is given by 154

C ≤
L∏
i=1

sup
x(i−1)∈dom(f (i))

∥∇x(i−1)f (i)∥2 = Cupper,

(3) 155

where x(i−1) denotes the input for the i-th layer 156

and domf is the definition area of f . 157

The lower bound is estimated by sampling from 158

the domain D. Using the obtained small subset S, 159

we determine Clower as: 160

C ≥ sup
x∈S

∥∇xfθ∥2 = Clower. (4) 161

Clower reduces the complexity of accurately esti- 162

mating C. However, a drawback is that it merely 163
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reflects the local gradient magnitude at specific164

points rather than the global landscape. An alterna-165

tive is to compute the expected input gradient:166

Cavg = Ex∈S∥∇xfθ∥2. (5)167

Although this metric does not strictly satisfy the168

definition of Lipschitz constant, it provides a valid169

and often more practical estimate of C. For more170

details, please refer to Khromov and Singh (2024).171

2.2 Model Quantization172

Model quantization converts the 16-bit floating-173

point formats commonly used in LLMs into low-174

bit representations (Frantar et al., 2022; Xiao et al.,175

2023). While most studies focus on low-bit integer176

representations, floating-point formats (Wang et al.,177

2025) and codebook-based encoding(Tseng et al.,178

2024) are also investigated. In this work, we focus179

on fixed-point quantization for our analysis.180

Quantization converts precision through scaling181

and shifting. The process is formulated as182

Q(w) = clamp(⌊w
h
⌉+ z, 0, 2N − 1), (6)183

where ⌊·⌉ denotes the rounding-to-nearest, and184

clamp represents the clipping operation. The pa-185

rameters h and z are obtained as follows:186

h =
max(w)−min(w)

2N − 1
,

z = −⌊min(w)/h⌉.
(7)187

Here, N denotes the bit-width of the integer. For188

memory efficiency, matrix rows or columns are189

often quantized in groups, each sharing the same h190

and z, typically of size 64 or 128.191

Correspondingly, the dequantization process192

maps the discrete integer values back to the floating-193

point domain to enable subsequent computation. It194

can be defined as195

ŵ = Q−1(Q(w)) = h · (Q(w)− z). (8)196

The recovered value ŵ serves as an approximation197

of the original weight w, with the quantization error198

determined by the bit-width N , the clipping range,199

and the group-wise statistics.200

3 Smoothness Proxy201

While bounds on Lipschitz constants effectively202

characterize model smoothness, existing conclu-203

sions are predominantly derived from simple archi-204

tectures or vision tasks, such as MLPs (Shi et al.,205

(a) BF16 (Original)

(b) INT3 (GPTQ)

(c) Input gradient distribution

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- 206

mov and Singh, 2024). It remains unclear whether 207

these findings hold for transformer-based LLMs 208

and quantized LLMs. In this section, we discuss the 209

applicability of approximate Lipschitz constants to 210

LLMs, focusing on Cupper, Clower, and Cavg. 211

It is well-established that Cupper is ill-suited for 212

characterizing smoothness across all architectures. 213

By neglecting interlayer dependencies, it yields a 214

vacuous bound that diverges exponentially from 215

the true Lipschitz constant as depth increases. Fur- 216

thermore, computing layer-wise Jacobians incurs 217

prohibitive computational costs. 218

In fact, Clower serves as a more accurate proxy, 219

adhering closely to the definition of C via sampling 220

estimation. However, due to the non-differentiable 221

sup operation, it is ill-suited for differentiable con- 222

texts. Conversely, while Cavg offers differentiabil- 223

ity, it deviates from the strict definition of C. We 224

now address two pivotal questions: (a) Can Cavg ap- 225

proximate C in transformer-based LLMs? and (b) 226

Does this approximation hold for quantized LLMs? 227

To facilitate measuring the impact of input per- 228
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turbations on LLM outputs, we define f as the229

language modeling objective combined with the230

cross-entropy loss. Consequently, f takes the form231

f : Rn → R. A key benefit is that ∇xf simplifies232

to a gradient vector instead of a Jacobian matrix,233

thereby avoiding the excessive computation and234

memory overhead associated with Jacobians.235

We provide a formal definition of ∇xf in236

the context of LLMs. For an input sequence237

(w1, . . . , wT ), let x(i)
t denote the input hidden state238

of token wt at layer i = 1, . . . , L. The smoothness239

proxy, referred to as “input gradient”, is defined as240

∇x(0)f , where x(0) is the token embedding of wt.241

We investigate the relationship between Clower242

and Cavg on Llama-2-7B. As shown in Figure 2a,243

Clower converges as the number of input tokens in-244

creases. Although Clower exhibits a few distinct245

spikes, these are attributed to a very small number246

of tokens with large gradients. As illustrated in Fig-247

ure 2c, the gradients for nearly all tokens remain248

below 0.02. In the absence of these outliers, the249

distribution of Clower would be flat. Meanwhile,250

despite a magnitude gap between the two, Cavg ex-251

hibits a trend similar to that of Clower. Therefore,252

although Cavg does not strictly adhere to the defini-253

tion of C, it remains a valid metric for estimating254

trends in LLM smoothness.255

This conclusion also holds for the quantized256

models shown in Figure 2b. Additionally, Figure 2c257

illustrates the shift in input gradients for quantized258

models. We observe that at 3-bit quantization, the259

input gradients exhibit a noticeable increase, even260

though the quantization loss remains minimal.261

4 Gradient Preservation for PTQ262

In this section, we first analyze why existing PTQ263

algorithms fail to avoid the smoothness problem.264

We then introduce learnable gradient preservation265

as an illustrative solution and empirically demon-266

strate its efficacy through experiments.267

4.1 Incomplete Optimization Objective268

PTQ compresses each module of an LLM in a layer-269

wise manner, aiming to align the behavior of the270

quantized module with that of the original. Let z271

denote a specific layer in the LLM, where X repre-272

sents its input activations and θ the layer weights.273

Generally, all PTQ algorithms optimize the follow-274

ing objective during the quantization process:275

min
θ̂

∥zθ(X)− zθ̂(X)∥2F . (9)276

forward pass backward pass

Figure 3: In a linear layer, the forward pass is computed
row-wise, whereas the backward pass is column-wise.

Here, θ̂ denotes the quantized weights. This opti- 277

mization objective implies that, regardless of the 278

values of quantized weights, the primary require- 279

ment is to align the output activation of the quan- 280

tized model with that of the original one. However, 281

it can not ensure that the module smoothness is not 282

compromised after quantization. Specifically, in a 283

linear layer Y = WX, the objective for quantizing 284

the weight can be formulated as: 285

min
Ŵ

∥WX− ŴX∥2F . (10) 286

This addresses the approximation of the forward 287

propagation. Turn to consider the backward prop- 288

agation. Let the gradient with respect to Y be de- 289

noted as ∇Yf = G. According to the chain rule, 290

the gradient with respect to the input X is given 291

by ∇Xf = W⊤G. Considering that the backward 292

propagation of the original model remains intact, 293

we further need to optimize: 294

min
Ŵ

∥W⊤G− Ŵ⊤G∥2F . (11) 295

To maintain accuracy while preserving smoothness, 296

we should optimize the following objective: 297

min
Ŵ

∥WX− ŴX∥2F︸ ︷︷ ︸
accuracy

+ ∥W⊤G− Ŵ⊤G∥2F︸ ︷︷ ︸
smoothness

.

(12) 298

The first term of this objective aims to ensure the 299

fitting fidelity of the quantized model to the orig- 300

inal one, while the second term seeks to preserve 301

the smoothness of the original model. As shown 302

in Figure 3, the optimization objectives in Eq. 10 303

and 11 are mutually orthogonal. 304

This indicates that the classical PTQ optimiza- 305

tion is incomplete. While this incompleteness has 306

a negligible impact at higher bit-widths (> 3 bits), 307

addressing it yields noticeable gains in extreme 308

quantization algorithms. 309
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Method Wiki2 C4 BoolQ OBQA RTE Wino. Hella. PIQA MathQA ARC-e ARC-c Avg.

Llama-2-7B (α1 = 1e6 in LGP)

BF16 5.47 6.97 77.71 44.20 62.82 69.14 76.00 79.11 28.31 74.54 46.25 62.01

GPTQ 39.58 31.19 58.34 26.80 54.51 52.49 37.13 58.54 22.68 38.43 25.26 41.58
OmniQ 13.76 14.43 63.27 31.20 54.51 55.88 50.70 66.59 22.71 43.60 25.77 46.03
+LGP 13.77 14.37 62.35 33.00 55.23 55.25 50.81 67.95 23.38 45.45 26.62 46.67

Llama-2-13B (α1 = 1e5 in LGP)

BF16 4.88 6.47 80.55 45.20 65.34 72.14 79.38 80.52 31.86 77.44 49.06 64.61

GPTQ 30.79 29.81 54.19 27.60 50.18 51.14 41.08 61.37 22.24 38.64 26.02 41.38
OmniQ 9.30 10.90 66.69 33.20 55.23 58.17 60.38 71.82 25.90 57.15 31.83 51.15
+LGP 9.25 10.87 67.09 34.20 56.68 58.17 60.00 71.71 25.06 58.08 32.59 51.51

Qwen-3-0.6B (α1 = 1e4 in LGP)

BF16 20.96 25.43 63.82 31.40 53.79 56.43 47.30 67.25 31.46 55.93 33.70 49.01

GPTQ 7.1e3 2.4e4 41.99 23.00 51.62 50.83 25.59 52.56 19.39 25.84 25.00 35.09
OmniQ 310.2 141.8 61.07 25.00 52.71 48.78 28.28 56.96 22.81 31.86 22.26 38.86
+LGP 295.0 140.1 61.50 25.00 52.71 51.62 28.44 56.75 22.45 31.94 22.53 39.22

Qwen-3-8B (α1 = 1e2 in LGP)

BF16 9.73 13.30 86.61 41.80 77.98 68.11 74.90 77.86 49.45 80.81 56.74 68.25

GPTQ 52.34 43.40 44.95 27.00 51.62 50.98 35.44 53.97 19.16 27.36 23.81 37.14
OmniQ 37.47 30.36 73.70 33.00 54.15 57.62 48.90 68.72 24.46 55.72 32.42 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 Preservation310

The objective in Eq. 10 has a high-precision approx-311

imate closed-form solution. Leveraging second-312

order information (i.e., the Hessian matrix H =313

XX⊤), GPTQ iteratively quantizes weights while314

adjusting the remaining ones to minimize error.315

Due to its effectiveness, it serves as the backbone316

for numerous methods. Unfortunately, the joint317

smoothness objective (Eq. 12) is incompatible with318

GPTQ-like solvers due to mutually orthogonal op-319

timization directions: Eq. 10 proceeds row-wise,320

while Eq. 11 demands column-wise iteration.321

As an example solution, we focus on address-322

ing the problem itself, leaving the derivation of a323

closed-form solution for the joint optimization to324

future work. We choose to optimize the smooth-325

ness of the OmniQuant (Shao et al., 2024). Unlike326

GPTQ, which quantizes weights iteratively, Omni-327

Quant introduces learnable parameters during the328

quantization process and enhances performance via329

layer-wise distillation. Specifically, the core of Om-330

niQuant lies in learnable weight clipping, which331

introduces parameters γ and β:332

h =
γmax(w)− βmin(w)

2N − 1
,

z = −⌊βmin(w)/h⌉.
(13)333

They are then updated using the layer-wise distilla-334

tion loss defined in Eq. 9. Although OmniQuant is 335

no longer the state-of-the-art baseline for extreme 336

quantization, this does not undermine the valid- 337

ity of our demonstration regarding the benefits of 338

introducing smoothness. 339

To preserve the smoothness of the original 340

model, we propose learnable gradient preservation 341

(LGP) based on OmniQuant and our analysis. Con- 342

sequently, the layer-wise distillation objective in- 343

corporated with LGP is formulated as: 344

min
θ̂

∥zθ − zθ̂∥
2
F +α1∥∇Xfzθ −∇Xfzθ̂∥

2
F , (14) 345

where the coefficient α1 controls the strength of 346

the smoothness objective. 347

4.3 Experimental Setup 348

We evaluate the effectiveness of introducing LGP 349

on two mainstream models, Llama-2 and Qwen-3. 350

The model sizes range from 0.6B to 13B. 351

Baselines We select the original model, 2-bit 352

GPTQ, and 2-bit OmniQuant as our baselines. The 353

original model serves as a reference to quantify the 354

performance gap induced by quantization. By com- 355

paring OmniQuant with GPTQ, we highlight the 356

accuracy gains achieved by the learnable weight 357

clipping (i.e., optimizing Eq. 9). Our method is 358
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Figure 4: Comparison of zero-shot accuracy under dif-
ferent values of the coefficient α1.

designed to demonstrate the effectiveness of intro-359

ducing LGP for joint optimization (Eq. 14). For360

calibration, all methods utilize 128 sequences from361

the C4 dataset, each with a length of 2048. The362

quantization group size is set to 128.363

LGP For all models, regardless of whether LGP364

is incorporated, the layer-wise distillation process365

is conducted for 40 epochs. The coefficient α1366

is typically set to be 1eK where K is a positive367

integer, as listed in Table 1.368

Evaluation To assess the performance of the369

baselines and LGP, we calculate perplexity using370

sequences randomly sampled from Wikitext2 (Mer-371

ity et al., 2017) and C4 (Raffel et al., 2020). Ad-372

ditionally, we report zero-shot accuracy across a373

range of tasks, including Winogrande (Sakaguchi374

et al., 2021), Hellaswag (Zellers et al., 2019),375

PIQA (Bisk et al., 2020), BoolQ (Clark et al.,376

2019), ARC (Clark et al., 2018), OBQA (Mihaylov377

et al., 2018), MathQA (Amini et al., 2019), and378

RTE (Wang et al., 2018).379

4.4 Main Results380

Table 1 presents the evaluation results of incorpo-381

rating LGP into PTQ. Compared to GPTQ, Omni-382

Quant achieves substantial accuracy gains in 2-bit383

weight quantization. However, a noticeable perfor-384

mance gap remains relative to the FP16 baseline.385

Upon integrating LGP, we first observe that the lan-386

guage modeling capability is maintained or even387

slightly enhanced. Furthermore, LGP demonstrates388

improvements across the majority of accuracy tasks389

for each model. Notably, although LGP does not390

explicitly optimize for fitting accuracy, it yields fur-391

ther improvements in both PPL and Accuracy. We392

attribute this success to the inherent advantages of393

smoothness, which mitigates erratic output shifts.394

Figure 5: Layer-wise gradient of BF16 and B158 mod-
els. The left side corresponds to shallow layers.

4.5 Ablation 395

LGP incorporates a parameter α1 to balance the ob- 396

jectives of fitting fidelity and smoothness. An insuf- 397

ficiently small α1 renders LGP ineffective, while 398

an overly large value disrupts the fitting process, 399

leading to accuracy degradation. To avoid these 400

issues, we employ a heuristic method for selecting 401

α1. Given that the norm of the backward gradients 402

is smaller than the fitting loss by multiple orders 403

of magnitude, we choose a sufficiently large α1 to 404

bring both terms to a comparable scale. For exam- 405

ple, for Llama-2-7B, we perform a search across 406

magnitudes ranging from 1e4 to 1e8. The differ- 407

ence of varying α1 is shown in Figure 4. 408

5 Gradient Regularization for QAT 409

QAT typically employs the language modeling loss, 410

thereby also neglecting the smoothness issue. In- 411

tuitively, ∇x(0)f appears suitable for constraining 412

model smoothness. However, the existence of gra- 413

dient ridge at the 0-th layer makes ∇x(0)f invalid 414

for this purpose. 415

5.1 Gradient Ridge 416

We begin by examining the layer-wise gradient 417

discrepancies between our trained high-precision 418

BF16 model and its 1.58-bit counterpart (Ma et al., 419

2024). Specifically, we monitor the input and 420

output gradients of the input_layernorm and 421

post_attention_layernorm for each layer, as il- 422

lustrated in Figure 5. Both models utilize the same 423

training setting. 424

Initially, we observe that the intermediate gradi- 425

ents in the B158 model are noticeably larger than 426

those in the BF16 model, implying that the inter- 427

mediate states of the former are less smooth. This 428

is especially significant in the early and middle lay- 429

ers. Furthermore, we notice that the input gradients 430

at the 0-th layer for both models spike to a simi- 431

larly high magnitude (≈6e-2). Why do the input 432
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Size Method Wiki2 C4 Wino. Hella. PIQA BoolQ OBQA ARC-e ARC-c Avg.

0.4B
BF16 58.85 67.76 50.75 26.85 53.97 61.77 26.40 31.48 23.04 39.18
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 24.49 38.64

1.0B
BF16 60.29 72.43 46.88 27.13 55.28 42.29 24.00 30.93 23.21 35.67
B158 65.52 77.12 48.30 25.70 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 25.43 35.09

1.7B
BF16 57.76 65.87 49.41 27.07 56.04 39.36 24.20 32.24 23.81 36.02
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 26.17 51.03 38.41 26.80 27.02 24.32 34.89

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

size nlayer nhead dhidden dinter steps lr

0.4B 16 16 1024 4096 300k 2e-4
1.0B 24 24 1536 6144 400k 2e-4
1.7B 24 32 2048 8192 400k 2e-4

Table 3: Configurations of different model sizes.

gradients at the 0-th layer remain nearly identical?433

We hypothesize that it stems from the nature of the434

input: word embeddings that lack semantic inte-435

gration. The extreme sparsity of such inputs may436

drive the model into a state of overfitting. As a437

result, input points in the latent space tend to be438

situated on “ridges” rather than in “valleys”. We439

term it the “Gradient Ridge”, an intrinsic being440

that exists independent of weight compression. For441

more comparisons, please refer to Section A.2.442

5.2 Loss of Gradient Regularization443

To enable extremely low-bit models to automati-444

cally acquire smoothness during training, we pro-445

pose the loss of gradient regularization (LGR).446

Given the aforementioned gradient ridge, we utilize447

the input hidden states of the 1-st layer instead of448

the 0-th layer inputs. Specifically:449

Lsmooth =
1

N

N∑
i

∥∇
x
(1)
i

f∥2F , (15)450

assuming a sequence length of N tokens. There-451

fore, the overall loss becomes L = Llm +452

α2Lsmooth, where α2 controls the regularization453

intensity. We will demonstrate the drawbacks of454

relying on 0-th layer input gradients subsequently.455

5.3 Experimental Setup456

We evaluate the FP16 baseline against the standard457

B158 model and its smoothed counterpart. We train458

models of three different sizes on the OpenWeb-459

Text2 dataset, and their configurations are listed in460

LGR C4 Wino PIQA ARC-e ARC-c

∇x(1)f 68.11 50.83 54.13 29.42 23.29
∇x(0)f 70.29 48.22 53.97 29.00 22.78

Table 4: Ablation of different input gradients. We report
the 0.4B model training with 400k steps, and α2 = 0.1.

Table 3, with detailed training settings provided in 461

the Appendix. We fix α2 = 0.01 for all runs. The 462

evaluation protocol aligns with that of Section 4.3. 463

5.4 Main Results 464

Table 2 presents the performance of B158 models 465

and their LGR-enhanced counterparts. For refer- 466

ence, the results of the FP16 models are also in- 467

cluded. It is evident that the models trained with 468

LGR exhibit better performance on the majority of 469

benchmarks. We also observe that the 0.4B model 470

outperforms the 1.7B model on certain tasks. This 471

is likely attributable to the sufficiency of training. 472

5.5 Ablation 473

Table 4 shows the superiority of utilizing input 474

gradients from the 1-st layer. In contrast, relying 475

on the 0-th layer may have a detrimental impact on 476

training results. We attribute this potential failure 477

to the corruption of embedding representations. 478

6 Discussion 479

6.1 Quantization and Weight Space 480

Weight quantization is equivalent to shifting the 481

original weights along a specific direction. Eq. 12 482

and our analysis show that there exist two orthogo- 483

nal optimization directions that jointly influence 484

quantization performance, as illustrated in Fig- 485

ure 6. In high-precision regimes, both accuracy 486

and smoothness can simultaneously achieve opti- 487

mality. However, when a substantial distance exists 488

between θ̂ and θ, the quantization algorithm should 489

7
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Figure 6: Anisotropy of the weight space. Deviating
from θ reveals two distinct directions where accuracy
and smoothness degrade, respectively.

consider smoothness as much as possible, subject490

to the constraint of ensuring accuracy.491

6.2 Smooth Training492

Section 5 presents a preliminary exploration of493

smooth training. Emerging evidence suggests that494

it is particularly important in extremely low-bit495

QAT scenarios. Due to space constraints, we detail496

its effectiveness and provide deeper insights and497

ablations in Appendix A.1.498

6.3 Accuracy + Smoothness = ?499

Let ∆W = W−Ŵ, and Eq. 10 can be simplified500

to min ∥∆WX∥2F . Given that X adheres to a cer-501

tain distribution, a ∆W exists that minimizes this502

term, which partially explains the viability of quan-503

tization. If we subsequently impose the stronger504

constraint of Eq. 11 (i.e., min ∥∆W⊤G∥2F ), does505

a valid ∆W still persist? Does this imply that the506

original model is the sole candidate capable of si-507

multaneously achieving both accuracy and smooth-508

ness? The answer seems to be no. This stems509

from the fact that the two optimization processes510

essentially involve finding the rows of ∆W in the511

null spaces of X and the columns must lie in the512

null space of G. A joint solution exists provided513

that N (X⊤) ∩ N (G⊤) ̸= {0}. Indeed, the ex-514

treme sparsity of LLMs ensures that X and G are515

low-rank, making the condition:516

rank(X) + rank(G) < min(din, dout)517

generally valid, though the feasible solution space518

becomes much narrower. This observation high-519

lights the challenges that dual constraints impose520

on developing algorithms for extreme quantization.521

7 Related Work522

7.1 Model Quantization523

Model quantization compresses high-precision524

weights into low-bit representations. Post-training525

quantization (PTQ) converts a trained model to low- 526

bit precision using optimization solvers (Frantar 527

et al., 2022; Dettmers et al., 2024). Quantization- 528

aware training (QAT) integrates quantization into 529

training process to mitigate the adverse effects of 530

reduced precision (Liu et al., 2024; Xu et al., 2024). 531

Some studies also explore simultaneous weight and 532

activation quantization (Liu et al., 2025; Xiao et al., 533

2023). Currently, the widely used lossless quan- 534

tization level is INT4. Quantization below this 535

level is considered extreme, but it often leads to 536

degraded model performance (Tseng et al., 2024; 537

Huang et al., 2024; Ma et al., 2024; Li et al., 2025; 538

Xu et al., 2025). Nearly all existing extreme quan- 539

tization focuses primarily on improving representa- 540

tion accuracy to reduce forward computation loss. 541

7.2 Network Smoothness 542

Lipschitzness is the most direct smoothness metric 543

in neural networks (Bartlett et al., 2017). However, 544

despite its concise definition in machine learning, 545

accurately estimating the Lipschitz constant for 546

neural networks is highly challenging (Virmaux 547

and Scaman, 2018). Numerous studies attempt to 548

approximate network Lipschitz constants, yet they 549

typically suffer from two limitations. First, they fail 550

to effectively address the exponential growth of es- 551

timated bounds with network depth (Virmaux and 552

Scaman, 2018; Wang et al., 2022). Second, most 553

prior work relies on early architectures (Gouk et al., 554

2021; Singla and Feizi, 2021; Erichson et al., 2021; 555

Zhou et al., 2019; Khromov and Singh, 2024), such 556

as ResNet. In contrast, the Lipschitzness of trans- 557

former (Kim et al., 2021; Qi et al., 2023) remains 558

relatively underexplored. Although early studies 559

in vision (Gouk et al., 2021) and robustness (Pauli 560

et al., 2021) investigate the impact of smoothness 561

on model performance via proxies, conclusions on 562

smoothness in LLMs remain scarce. 563

8 Conclusion 564

In this work, we highlight a critical yet often 565

overlooked objective in extreme quantization: the 566

smoothness of quantized models. Building upon 567

the viability of input gradients in LLMs, we pro- 568

pose LGP for PTQ and LGR for QAT as prelimi- 569

nary solutions, respectively. We experimentally val- 570

idate their effectiveness and provide a detailed anal- 571

ysis. We advocate for future research in extreme 572

quantization to explicitly incorporate smoothness 573

into algorithm design. 574

8



Limitations575

Although we propose a novel smoothness-aware576

perspective to complete the optimization objectives577

for extreme compression, we acknowledge three578

main limitations that point toward future directions.579

Firstly, our proposed methods (LGP and LGR)580

function as foundational baselines. We prioritized581

simplicity and versatility to demonstrate the valid-582

ity of the smoothness hypothesis. Consequently,583

these methods may not represent the optimal mathe-584

matical solution for the joint optimization problem585

we formulated. We anticipate that future work can586

build upon our dual-constraint analysis to design587

more advanced solvers.588

Secondly, while we provide intuitive explana-589

tions like the “Gradient Ridge”, its underlying590

causes are not yet fully understood. We regard this591

work as a stepping stone that invites the community592

to delve deeper into its underpinnings, which may593

contribute to the explainability of LLMs.594

Lastly, constrained by available computational595

resources, our experiments are confined to mod-596

els of moderate scale and trained with a limited597

number of steps on a restricted dataset. While we598

observe consistent improvements within this scope,599

the behavior of smoothness constraints under the600

regime of massive-scale pre-training remains an601

open question. We hope that future work can fur-602

ther scale these experiments.603
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A Appendix 835

A.1 Smoothness in Training Process 836

(a) BF16 model and B158 model

(b) B158 model and different LGR settings

Figure 7: Evolution of Cavg during training across dif-
ferent models and settings. Here, we use 0.4B model.

In this section, we discuss several topics related 837

to smoothness-aware training, reflecting on insights 838

and conjectures derived from our experiments. We 839

primarily address the following three questions: 840

a) Why is RMSNorm excluded from the BitNet 841

b1.58 model in our QAT experiments? 842

In the standard BitNet b1.58 architecture (Ma 843

et al., 2024), the activations entering the linear layer 844

are first normalized via RMSNorm before perform- 845

ing matrix multiplication with the ternary weights. 846

This process is defined as follows: 847

X
′
= RMSNorm(X)

W
′
= Ternarize(W)

Y = W
′
X

′
.

848

In our LGR implementation, we deliberately ex- 849

cluded RMSNorm as a controlled variable strategy. 850

It is well established that BitNet models incorpo- 851

rating RMSNorm achieve performance compara- 852

ble to full-precision baselines. This effectiveness 853

stems from two factors: first, RMSNorm normal- 854

izes activations during the forward pass, enhancing 855

computation accuracy; second, it significantly flat- 856

tens backward gradients, substantially improving 857

ternary model smoothness. 858
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However, this dual impact makes it difficult to859

isolate the specific benefits of smoothness. By re-860

moving RMSNorm, we align the forward computa-861

tion process with that of the full-precision model.862

Consequently, any observed gains can be attributed863

solely to smoothness. Furthermore, the success of864

RMSNorm itself implicitly validates the accuracy-865

smoothness trade-off idea proposed in this paper.866

b) Is smoother training always better?867

In QAT, maximizing smoothness is not uncon-868

ditionally beneficial. Moreover, it is unrealistic869

to expect a ternary model to achieve parity with a870

full-precision model in both smoothness and perfor-871

mance simultaneously. The core idea of this work872

is to identify the smoothest candidate among the873

manifold of quantized solutions that have equiva-874

lent fitting accuracy.875

The guiding principle is moderate smoothing:876

enhancing smoothness without compromising ac-877

curacy. We selected the hyperparameter α2 = 0.01.878

As shown in Figure 7, increasing α2 significantly879

improves model smoothness; at α2 = 100, the880

ternary model exhibits smoothness comparable to881

the full-precision baseline. However, this comes882

at a cost: due to over-smoothing, the accuracy de-883

grades, causing perplexity to deteriorate from 97.4884

to 130.6, similar to randomly regularization. Con-885

sequently, excessive smoothing must be avoided.886

c) How can smoothness be incorporated into in-887

dustrial training practices?888

Since the norm of input gradients is negligible889

relative to the training loss, introducing smoothness890

constraints in the early stages of training proves in-891

effective. Furthermore, adhering to the principle892

of moderate smoothing, LGR should not drasti-893

cally alter the intrinsic smoothness of quantized894

model. Consequently, we recommend incorporat-895

ing smoothness training only during the mid-to-late896

stages of the training process. This strategy may897

preserves pre-trained knowledge while conserving898

computational resources.899

A.2 Gradient Ridge900

We observe that the “Gradient Ridge” is not spo-901

radic. It is independent of subtle architectural mod-902

ifications or quantization settings. In Section 5.1,903

we initially demonstrate its presence in both FP16904

and B158 models. To reinforce the universality of905

this observation, we conducted similar tests on the906

BitNet b1.58 architecture with RMSNorm.907

As illustrated in Figure 8a, even though the RM-908

SNorm-equipped model exhibits smoothness com-909

(a) BitNet b1.58 model

(b) B158 model with frozen embedding

Figure 8: Evolution of Cavg during training when inte-
grate RMSNorm or freeze word embedding.

parable to the FP16 baseline, the input gradient 910

at 0-th layer still spikes to a very high magnitude. 911

Note that all results reported thus far, including 912

those in Section 5.1, is derived under full-weight 913

training settings. Furthermore, we test with using 914

frozen FP16 embeddings within the B158 model. 915

As depicted in Figure 8b, the conclusion holds firm. 916

Based on this evidence, we conclude that the 917

Gradient Ridge is by no means coincidental. Al- 918

though its root cause remains elusive, we believe 919

that exploring it could offer significant benefits for 920

the interpretability of LLMs. 921

A.3 Residual Quantization and Smoothness 922

Section 4.1 points out the challenge of optimizing 923

the complete objective (Eq. 12), as the two sub- 924

objectives are orthogonal. Yet, Section 6.3 clarifies 925

that this goal is not impossible. It merely constrains 926

the solution space. 927

While deriving a closed-form solution for Eq. 12 928

is challenging, it remains feasible to partially fulfill 929

the smoothness objective while prioritizing accu- 930

racy. The extreme sparsity of LLM gradients under- 931

pins this feasibility. As illustrated in the Figure 9, 932

input and output gradients across linear layers re- 933

main negligible in the vast majority of channels. 934

This implies that by prioritizing the precision of 935

a select few columns, we can ensure that gradi- 936

ent propagation remains unimpaired. As a result, 937
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abnormal gradient channel

Figure 9: Important/abnormal gradient channels and
relaxed optimization.

selecting key column vectors and applying high pre-938

cision presents an intuitively viable strategy. Here,939

the objective in Eq. 11 is relaxed, effectively giving940

an approximate solution.941

In fact, similar ideas have already emerged in the942

field of extreme quantization (Huang et al., 2024;943

Xu et al., 2025; Li et al., 2025). Methods like resid-944

ual quantization select a subset of pivotal column945

vectors to fit their quantization errors, significantly946

enhancing extreme compression performance. The947

distinction between our proposal and such methods948

lies in the selection criteria. Residual quantization949

evaluates column importance based on activation950

error, defined as Ii = (wi − ŵi)xi. In contrast,951

our relaxed formulation utilizes the magnitude of952

backward gradients ∇xif as the importance metric.953

Combining these two indicators may pave the way954

for designing even more potent extreme compres-955

sion algorithms, which is a direction we leave for956

future research.957

A.4 Details on Baselines958

In this section, we provide supplementary imple-959

mentation details for the evaluated methods. All960

code will be released upon de-anonymization of961

the paper.962

GPTQ We adhere to the default configurations963

provided in the official open-source repositories.964

Specifically, we set the random seed for data sam-965

pling to 0 and employ a Hessian damping factor of966

0.01. Moreover, we utilize asymmetric quantiza-967

tion, activation-aware channel reordering, and true968

sequential quantization.969

OmniQuant We set the random seed for data970

sampling to 0. The learning rate for LWC is config-971

ured at 0.01, and the model is trained for alignment972

for 40 epochs using AdamW optimizer. Addition-973

ally, we employ asymmetric quantization and an 974

auxiliary loss in their official code. 975

LGP Following OmniQuant, we quantize layers 976

sequentially in a shallow-to-deep manner. For each 977

layer, we first perform a full forward and backward 978

pass through the entire model to compute the input 979

and output gradients of this layer. Subsequently, 980

we calculate the smoothness loss of the quantized 981

model and add it to the original OmniQuant loss. 982

Other configurations remain identical to those in 983

OmniQuant. 984

LGR We conduct the training on 8 NVIDIA 985

A800 GPUs. The setup utilizes a per-device batch 986

size of 1 with 16 gradient accumulation steps. We 987

employ the AdamW optimizer with hyperparam- 988

eters β1 = 0.9, β2 = 0.95, and a weight decay of 989

0.1. The learning rate follows a cosine schedule 990

with a 1000-step warmup. To help for reproducibil- 991

ity, random seeds for Python, NumPy, PyTorch, 992

and CUDA are all fixed at 1234. 993
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